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Abstract
Dynamic Treatment Regimes (DTRs) aim to personalise treatment through se-
quential decision policies that adapt to a patient’s evolving state. Reinforcement
learning (RL) offers a data-driven approach for learning such policies, but key
challenges remain unresolved, including how to reliably evaluate RL methods in
clinical settings, how to incorporate meaningful clinical knowledge, and how to
ensure generalisability across diverse patient populations.

This thesis addresses these challenges through a structured four-part inves-
tigation. First, we introduce DTR-Bench, a modular benchmarking platform
that simulates four clinical tasks with noise, pharmacological variation, and miss-
ingness. We show that commonly used RL algorithms perform inconsistently
under clinical variation.

Second, transitioning from in-silico to real clinical scenarios, we revisit the case
of RL for sepsis treatment using retrospective ICU data. Our analysis standardises
reward definitions and applies a spectrum of off-policy evaluation across patient
subgroups. We advocate for stratification techniques to identify populations where
RL may be most beneficial, and we emphasise benchmarking against supervised
learning and heuristic baselines.

Third, we focus on intravenous insulin titration and prediction of glycaemia
in general ICU patients, including those without diagnosed diabetes. Using a
curated MIMIC-III dataset, we develop an ensemble evaluation framework for
more robust off-policy evaluation and implement RL algorithms that demonstrate
performance comparable to that of clinicians.

Finally, we explore large language models (LLMs) as a minimalist alternative
to RL-based treatment recommendations. Within a simulated diabetes-control
environment, we find that while RL-based incorporation of clinical priors typically
requires extensive engineering, LLMs can effectively absorb structured clinical
knowledge through prompting alone, sometimes matching or exceeding RL perfor-
mance. Nevertheless, we identify clear failure modes in LLM reasoning, such as
unit mismatches and unsafe dosing decisions, highlighting important limitations
to clinical deployment.

Collectively, these investigations establish reproducible benchmarks, expose
failure modes, and provide guidance for safer, more generalisable DTR algorithms.
This work lays some essential methodological foundations for the future growth
and evaluation of intelligent dynamic treatment algorithms.
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1
Introduction

The modern medical world increasingly recognises that no single treatment is suitable

for all. For patients with complex and evolving conditions such as sepsis, diabetes,

or cancer, effective care requires a dynamic response that adapts to physiological

changes and treatment responses over time. This requirement calls for the concept

of dynamic treatment regimes (DTRs), which refers to timely decision strategies

that personalise treatment based on the current and previous state of the patient.

Dynamic treatment regimes have long been used in clinical practice, often

implicitly encoded in the form of rule-based protocols or decision trees derived from

expert consensus and population-level evidence [1]. These traditional approaches

function as "look-up tables", offering fixed guidance for treatment decisions based

on predefined patient characteristics. Although effective in standardised care, such

protocols are inherently limited in their ability to adapt to individual patient

trajectories or to account for the cumulative impact of sequential decisions.

Recent advances in machine learning have created new opportunities to formalise

and extend DTRs beyond rule-based protocols. By leveraging longitudinal data from

Electronic Health Records (EHRs), data-driven DTRs can support individualised

decision-making that evolves in real time. This shift from rigid, population-based

rules toward adaptive, patient-specific strategies marks a significant step forward in

the pursuit of personalised medicine, particularly in complex, high-stakes settings

such as the intensive care unit, where clinical conditions change rapidly and timely

interventions are crucial.

1
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1.1 Fundamental Concepts

1.1.1 Background of DTRs for EHRs: From Supervised
Learning to Reinforcement Learning

EHRs have become a cornerstone of modern clinical practice [2], offering longitudi-

nal, patient-specific data that include diagnoses, laboratory results, medications,

procedures, and vital signs. These records provide a rich temporal view of the

patient’s clinical journey and offer a natural substrate for modelling sequential

decision-making in healthcare. The dynamic and often non-linear progression

of a patient’s health, coupled with sequential treatment decisions, makes EHRs

especially well-suited for learning dynamic treatment regimes. Dynamic treatment

regimes aim to personalise treatment strategies over time by adapting to the

evolving state of the patient.

With the development of machine learning, most clinical prediction tasks based

on EHR data have been addressed using supervised learning (SL) techniques [3].

Although effective for static classification or risk prediction, SL methods face

fundamental limitations in the context of sequential treatment planning. One major

constraint is the assumption of independent and identically distributed (i.i.d.) data

points [4]. In practice, different clinicians may follow distinct heuristics or strategies

when treating similar patients, leading to a mixture of behaviour policies. Learning

a single SL model over such heterogeneous data is equivalent to approximating a

joint distribution over all clinicians’ actions, which is not only difficult but also

clinically ambiguous. Moreover, SL models typically imitate clinical behaviours

without understanding the ’goal of action’, which prevents correction from mistakes

or adjusting strategies over time.

In contrast, reinforcement learning (RL) is designed to optimise sequential

decision-making by directly modelling the interaction between actions and future

outcomes. Formulating treatment planning as a Markov Decision Process (MDP),

RL enables the learning of policies that maximise cumulative reward over time.

However, the theoretical advantages of RL are often difficult to translate into
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real-world healthcare applications due to data constraints, ethical concerns related

to exploration, and the complexity of partially observed environments.

1.1.2 Simulation Matters: Building Controlled and Clini-
cally Realistic Benchmarks

Given the complexity of real-world clinical data, characterised by irregular sampling,

missing values, partial observability, and treatment selection bias, evaluating the

performance of RL in healthcare settings presents formidable challenges. Simulation-

based evaluation offers a valuable alternative. By constructing synthetic en-

vironments where the data-generating process is known and fully controllable,

researchers can systematically investigate the behaviour of RL algorithms under

various conditions.

Existing simulation-based RL benchmarks in healthcare often fall short in two

critical ways. First, they are typically too simplified, relying on toy problems that

fail to capture the clinical realism needed for a meaningful evaluation. Second,

many simulations lack modularity, making it difficult to introduce real-world

complexities incrementally, such as pharmacokinetic variability, physiological noise,

data missingness, or heterogeneous subgroups of patients.

This thesis addresses these limitations by introducing a modular simulation

framework specifically designed for dynamic treatment planning in healthcare. The

framework is designed to balance control and realism, allowing researchers to test

RL agents from toy environments to more clinically meaningful scenarios. Each

component of the environment (e.g., state dynamics, observation models, and

reward design) can be modified independently, enabling fine-grained evaluation of

algorithmic robustness, generalisability, and failure modes. We provide simulations

covering four treatment scenarios, i.e., chemotherapy, radiotherapy, type-1 diabetic

glucose management, and sepsis, collected from clinically validated literature. This

benchmark is essential not only for understanding where and why RL methods

succeed or fail but also serves as a critical stepping stone toward safe and reliable

deployment in real-world settings.
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1.1.3 A Critical Look At Offline RL With Real Data

Transitioning from controlled simulations to real-world clinical data introduces new

challenges for reinforcement learning. In DTR, exploring new policies directly in

practice is often risky for patients and is constrained by ethical barriers. As a result,

we must rely on offline RL, where decision policies are learnt from observational

EHR data rather than through environmental interactions.

A central challenge in offline settings is policy evaluation. Without the ability

to deploy policies online, off-policy evaluation (OPE) techniques are required

to estimate performance using offline data. In sparse reward and data-limited

settings, typical of EHR data, OPE estimators can be sensitive to variance and

bias. Furthermore, the broader literature on RL in healthcare reflects additional

challenges. Studies often differ in their definitions of rewards, evaluation metrics,

cohort inclusion criteria, and baselines. This methodological heterogeneity makes it

difficult to draw generalisable conclusions or compare results across studies.

To address these limitations, the second part of this thesis undertakes a

systematic and critical evaluation of offline RL methods using real-world clinical

data. Focusing on a large-scale ICU cohort for sepsis management, we compare a

range of RL algorithms and OPE estimators under unified preprocessing pipelines

and consistent evaluation protocols. Special emphasis is placed on the design

of reward functions, estimation of behaviour policies, and the role of subgroup

heterogeneity in shaping policy performance. Through this analysis, we develop

stronger methodological baselines, analyse the deeper reasons for performance

inconsistency, and propose practical guidelines to guide future research.

1.1.4 Applying RL to a Real Clinical Task

Building on the insights gained from simulation studies and critical evaluation of

offline RL pipelines, this thesis next focuses on the practical implementation of

RL on short-acting insulin titration in the ICU.

Glycaemic control in ICU patients is a high-stakes, time-sensitive task. Insulin

dosing must be frequently adjusted in response to fluctuating blood glucose levels,
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nutritional intake, and physiological instability. Suboptimal decisions, through either

under- or over-dosing, can result in hyperglycaemia, hypoglycaemia, or even an

increased risk of mortality. Importantly, this task involves a relatively well-defined

action space (i.e., dosing decisions), dense feedback (i.e., glucose measurements),

and a clear clinical objective (i.e., avoiding hypoglycaemia while maintaining glucose

within the target range), making it a strong scenario for RL-based treatment regimes.

To support this investigation, a high-resolution dataset was curated from a real

ICU cohort, capturing insulin administration records and accompanying glucose

measurements at fine-grained temporal intervals. To enhance the reliability of policy

evaluation, we introduce a bootstrapped ensemble approach to off-policy evaluation,

which combines multiple estimators and uncertainty quantification techniques

to improve robustness. This ensemble framework enables us to assess policy

performance with greater confidence and identify clinically significant differences

across models. This work serves as a proof-of-concept for real-world RL-based DTR.

More broadly, it highlights how carefully constructed clinical tasks combined with

principled RL design can produce actionable insights toward practical utility.

1.1.5 Towards Minimalist Dynamic Treatment Regimes:
Exploring the Potential of Large Language Models

The implementation of RL for DTR offers a powerful but complex solution to

sequential decision-making. Recent advances in large language models (LLMs)

suggest the possibility of a more minimalist approach to dynamic treatment

planning. Trained on vast corpora of general text, LLMs have demonstrated

impressive capabilities in in-context reasoning, question answering, and even clinical

decision support. Crucially, they can perform tasks without task-specific fine-tuning

through appropriate prompting. This motivates an exploratory investigation: Can

LLMs serve as zero-shot treatment planners? More ambitiously, can they operate

completely training-free, replacing the need for RL in some scenarios?

To evaluate the potential of LLMs, we propose a comparative investigation

between small RL agents and general-purpose LLMs. Specifically, our objective
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was to compare generalisation performance across various patient subgroups and to

determine whether the integration of prior clinical knowledge leads to a performance

gain in both small RL agents and LLMs. The exploration of LLMs as treatment

planners challenges us to rethink the boundaries between knowledge-based reasoning

and experience-based learning, and to consider how these approaches might be

combined to build AI systems that are not only powerful but also safe, transparent,

and clinically aligned.

1.2 Summary

This thesis aims to advance the methodological foundations and empirical evaluation

of AI-driven dynamic treatment regimes. It is guided by four objectives: 1) To

construct clinically realistic in-silico environments that expose RL algorithms to

pharmacological variability, sensor noise, and incompleteness of the data character-

istic of real-world healthcare. 2) To evaluate offline RL methods in clinical datasets

with an emphasis on reward specification, evaluation pipelines, and heterogeneity of

patient subgroups. 3) To develop RL-based DTR on a new clinical problem toward

more robust model development and evaluation. 4)To explore whether LLMs,

prompted without task-specific fine-tuning, can recommend dynamic treatment

regimes and characterise the conditions under which they succeed or fail. To support

these objectives, the thesis presents several technical contributions.

• A modular simulation platform is developed to model disease progression

across multiple clinical domains, with configurable support for pharmacoki-

netic/pharmacodynamic (PK/PD) variability, noise, and data missingness.

• A comparative study is conducted in a sepsis ICU cohort, evaluating a variety

of RL models and off-policy evaluation methods to identify failure modes in

offline learning and evaluation.

• A high-resolution dataset is curated for short-acting insulin titration in the

ICU. A bootstrapped ensemble approach to off-policy evaluation is proposed
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to improve the robustness of policy assessment. Offline-trained RL agents are

shown to outperform historical clinician policies in terms of return.

• Methods for injecting prior clinical knowledge are developed for both LLMs and

RL agents. We evaluated these approaches in a simulated insulin management

task, comparing the performance of LLMs against RL agents trained offline.

LLMs are shown to function as zero-shot treatment planners, outperforming

RL agents in certain subgroups of patients. Additionally, we analyse error

patterns in LLM reasoning to better understand their limitations.

Overall, these contributions establish a reproducible framework for designing,

evaluating, and interpreting AI-based treatment strategies in real clinical settings.

1.3 Dissertation Structure

The remainder of this thesis is organised as follows. Chapter 2 reviews the theoretical

foundations of dynamic treatment regimes and their clinical applications. Chapter 3

describes the construction of real-world cohorts for sepsis and glycaemic control

using the MIMIC-III database. Chapter 4 presents a new simulation framework for

benchmarking RL methods with increasing clinical realism. Chapter 5 critically re-

evaluates RL policies for sepsis management, highlighting how off-policy estimators,

behaviour policy quality, and reward design can distort apparent gains. Chapter 6

focuses on short-acting insulin dosing, implementing RL algorithms that outperform

clinicians’ returns under a more robust evaluation metric. Chapter 7 explores

the potential of LLMs as zero-shot treatment planners through the injection of

prior knowledge. Chapter 8 synthesises the findings, outlines limitations, and

proposes future directions toward safe, robust, and clinically aligned DTR systems.

Ultimately, this thesis seeks not only to optimise algorithms, but also to ask better

questions. Through rigorous simulation, real-world evaluation, and exploratory LLM

experimentation, it provides a structured foundation for advancing patient-centred

AI in dynamic treatment planning.
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2
Literature Review

2.1 Introduction

In recent years, the increasing digitisation of clinical workflows has enabled widespread

adoption of Electronic Health Records (EHRs), which systematically capture longi-

tudinal health information, including demographics, laboratory results, vital signs,

diagnoses, and prescribed treatments. These data sources have generated a surge of

interest in applying Machine Learning (ML) to support clinical decision-making,

with demonstrated success in predictive tasks such as in-hospital mortality [5],

length of stay [6], and phenotype identification [7]. Beyond risk stratification and

diagnostic prediction, a critical and more complex objective in healthcare is to

determine how treatment decisions should evolve, and how to personalise care

dynamically based on the evolving clinical condition of the patient. This need

is particularly acute in hospital settings, where temporally dependent decisions

must be made about drug administration, dosage adjustments, or intervention

time. The formalism that captures such sequential decision-making processes is

known as the Dynamic Treatment Regime (DTR). A DTR comprises a sequence

of decision rules that recommend treatments tailored to the patient’s current and

past clinical status to optimise long-term outcomes.

Historically, medical treatment strategies followed a “one-size-fits-all” paradigm,

where interventions were evaluated under the framework of evidence-based medicine

applied to population-level cohorts. The primary objective was to estimate the

9
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average treatment effect across a target population, often overlooking inter-individual

variation. However, with the advent of high-throughput data sources, the medical

field has experienced a paradigm shift toward leveraging individual-level information

to inform treatment decision-making. This shift underpins the broader movement

towards precision medicine, of which DTRs are a central component. DTRs have

traditionally been formulated using statistical modelling approaches, including

regression-based frameworks [8] and marginal structural models [9]. These methods

offer interpretable decision rules and have laid a strong theoretical foundation.

However, they often struggle to scale with high-dimensional, irregular, and noisy

data, which is typical of real-world EHRs, and may not flexibly capture long-term

dependencies or complex interactions between variables.

Recent advances in ML, particularly Reinforcement Learning (RL) and Imitation

Learning (IL), have introduced new paradigms for learning DTRs from retrospective

data. RL models aim to discover treatment policies that maximise cumulative

clinical benefit (often framed as a reward function), while IL seeks to replicate

clinicians’ historical decisions by learning from logged data. These approaches are

well-suited to model the sequential and dynamic nature of treatment decisions,

and their application to healthcare has generated substantial interest. However,

adapting these algorithms to the clinical domain introduces several methodological

and practical challenges, such as data sparsity, confounding, partial observability,

and the ethical constraints inherent to healthcare.

This review of the literature surveys the state of the art in ML-based approaches

to DTRs, with a particular focus on applications to hospital care. The objective of

this chapter is to provide a critical synthesis of existing methods, highlight their

limitations, and identify open challenges that need to be addressed to enable safe

and effective deployment of such models in clinical practice. In Section 2.2, we begin

by formally defining the DTR problem as a sequential decision-making task and

highlighting its unique challenges in contrast to other ML applications. Section 2.3

and 2.4 introduce the mathematical formulation of DTRs using Markov Decision

Processes (MDPs), reviewing two core ML methodologies: imitation learning and
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reinforcement learning, with an emphasis on how they have been adapted to the

healthcare setting. In Section 2.3.1 and Section 2.4.3, we summarise representative

applications of IL and RL in various clinical contexts, such as critical care, oncology,

and chronic disease management. Finally, Section 2.5 discusses key open issues,

including the challenges of policy evaluation, reward design, and generalisation in

healthcare. Through this review, our objective is to clarify the current landscape

of DTR research at the intersection of ML and medicine, assess its readiness for

real-world deployment, and identify promising directions for future research.

2.2 Formulating Dynamic Treatment Regime un-
der Markov Decision Process

A DTR can be modelled as a Markov Decision Process (MDP) [10] (i.e., Markovian

DTR). An MDP is defined by a 5-tuple M = ⟨S,A, P, R, γ⟩, where:

• S: the state space, representing all possible states s ∈ S that describe the

agent’s condition at a given time t. The state space can be either discrete or

continuous.

• A: the action space, representing all possible actions a ∈ A the agent may

take at each timestep t. Actions influence transitions to future states and

determine the rewards received.

• P : S × A × S → [0, 1]: the state transition probability function, where

P (s′|s, a) denotes the probability of transitioning to state s′ ∈ S after taking

action a ∈ A in state s ∈ S.

• R : S × A → R: the reward function, where R(s, a) denotes the expected

immediate reward received after the action a in state s.

• γ ∈ [0, 1): the discount factor, which determines the weight of future rewards

relative to immediate rewards. Common values range from 0.95 to 0.99.
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We denote the episode horizon by H, where the time step t ∈ {1, 2, 3, ..., H},

and allow trajectory-specific (i.e., patient-specific) lengths Hi when working with

variable-length episodes.

The MDP framework assumes the Markov property, which implies that the future

state and reward depend only on the current state and action, not on the full history:

P (st+1 = s′, rt = r | st = s, at = a)

= P (st+1 = s′, rt = r | st = s, at = a, st−1, at−1, rt−1, . . . , s0, a0).
(2.1)

This assumption simplifies the learning process, as the agent can access to full

state information by observing the current state. However, in DTR applications,

particularly with observational data such as EHRs, the agent may not have access

to the full underlying state st. To address this partial observability, the Partially

Observable Markov Decision Process (POMDP) is introduced. A POMDP extends

the MDP tuple to include an observation mechanism, resulting in a seven-tuple.

MPO = ⟨S,A, P, R, γ,O, Z⟩

where: O is the observation space, containing all possible observations o ∈ O

available to the agent at each timestep. Z : S×A → P(O) is the observation model,

a stochastic mapping from state-action pairs to distributions over observations.

Z(o|s, a) denotes the probability of observing o after taking action a in the state s.

In healthcare practice, the agent must infer a latent state st from an observation

ot, since the true state is not directly observable. Learning an accurate representation

of the hidden state space or observation model is critical for modelling treatment

effectiveness and decision-making.

Given that agents often operate under partial observability of the environment,

it becomes essential not only to model the latent state space effectively but also to

determine how the agent should act based on its belief or estimate of this hidden state.

This leads to the concept of a policy, which governs the agent’s decision-making

process under uncertainty. A policy π defines the agent’s behaviour: It is a mapping

π : S → P(A), where π(a|s) denotes the probability of selecting the action a in

state s. The objective in reinforcement learning is to learn an optimal policy π∗ that
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maximises the expected cumulative reward. The expected return (i.e., discounted

cumulative reward) from state s under policy π is given by the value function:

V π(s) = Eπ,P
[
H−1∑
t=0

γtR(st, at) | s0 = s

]
(2.2)

Similarly, the state-action value function (Q-function) is defined as follows:

Qπ(s, a) = Eπ,P
[
H−1∑
t=0

γtR(st, at) | s0 = s, a0 = a

]
(2.3)

The two are related via the policy:

V π(s) =
∑
a∈A

π(a|s)Qπ(s, a) (2.4)

The Bellman equations recursively define the value functions. For a given pol-

icy π, we have:

V π(s) =
∑
a∈A

π(a|s)
∑
s′∈S

P (s′|s, a) [R(s, a) + γV π(s′)]

Qπ(s, a) =
∑
s′∈S

P (s′|s, a) [R(s, a) + γV π(s′)]
(2.5)

The objective is to find the optimal policy π∗ such that its value function is

maximised at every state. The optimal value function V ∗ and optimal Q-function

Q∗ satisfy the Bellman optimality equations:

V ∗(s) = max
a∈A

∑
s′∈S

P (s′|s, a) [R(s, a) + γV ∗(s′)]

Q∗(s, a) =
∑
s′∈S

P (s′|s, a)
[
R(s, a) + γmax

a′∈A
Q∗(s′, a′)

] (2.6)

In practice, computing π∗ requires accurate estimation of either Q∗ or V ∗, which

may be challenging under partial observability and sparse observational data, as

commonly encountered in clinical environments.

Under the Markov Decision Process (MDP) framework, data-driven approaches

to learning a Dynamic Treatment Regime (DTR) can broadly be categorised

into Imitation Learning and Reinforcement Learning, which will be described

in the following sections.
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2.3 Imitation Learning and DTR Applications

This section focuses on IL-based approaches, which are often easier to implement in

healthcare settings but come with specific limitations in terms of adaptability

and long-term optimisation. A graphical comparison between IL and RL is

shown in Figure 2.1.

...
t=2

t=1

t=0

...

t=2

t=1
t=0

t=T

outcome

agent treatment regime

human doctor's
treatment regime

disease progression

(a) Imitation Learning

Agent

treatment

reward

patient

EHR

admission

Discharged Deceased

For t from 0 to T:

(b) Reinforcement Learning

Figure 2.1: Comparing RL and IL in DTR. a) An IL agent trying to minimise the
distance between its policy π̂ and human doctors’ regimes β for all timesteps. b) An RL
agent changes its treatment regime at each timestep based on reward.

Imitation Learning (IL) [11] observes and replicates the behaviour demonstrated

by an expert. The core idea is that expert behaviour encodes useful prior knowledge

about the environment and task, which can be extracted by training the agent

to replicate observed state-action pairs. Formally, the goal is to find an imitator

policy β̂ that closely matches the expert policy β by minimising a divergence

measure L (e.g., cross-entropy loss or mean square error) between their output

distributions over actions:

β̂ = arg min
π

Es∼p [L(β(·|s), π(·|s))] (2.7)

where p is the state visitation distribution induced by the environment and expert

policy, and π is the policy to be learned.

The most straightforward form of IL is Behavioural Cloning (BC) [12], which

treats the problem as a supervised learning task, predicting the action of the expert
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given a state. The agent learns a mapping from state inputs to action outputs

by minimising a standard classification or regression loss. BC is attractive for

its simplicity and scalability, but has a critical drawback: it assumes that the

deployment states will match the training distribution. Unlike other paradigms

(such as RL), this is especially problematic for BC because the agent only learns to

imitate the expert and lacks mechanisms for on-the-fly correction. Consequently,

a small deviation from the expert path can push the agent into unfamiliar states,

causing compounding errors, a phenomenon known as covariate shift or distributional

drift. Ross and Bagnell [13] demonstrated that if the agent makes a single error,

it may enter an unseen state not covered by the training distribution, leading to

cascading failures as time progresses. This is illustrated in Figure 2.2, where the

agent deviates from the expert trajectory and is unable to recover. To recover from

mistakes, Ross and Bagnell [13] proposed the forward training algorithm, which

trains a separate policy network π̂i for each time step t ∈ {1, 2, ..., H}. In total,

the forward training algorithm learns a non-stationary policy π̂ = {π̂1, π̂2, ..., π̂T},

and executes π̂t accordingly at time t. SMILe, DAgger and AggreVaTe [14] [15]

further reduce the time required for expert query by mixing the learnt policy with

the expert’s policy and achieving better performance compared to conventional

supervised learning models with fewer expert demonstrations on games. However,

these algorithms inherently require access to expert demonstrations while interacting

with the environment, a setting that is incompatible with DTR.

(a) (b)

Figure 2.2: Demonstration of Failure Correction in Behaviour Cloning. a) Agent
trajectory deviates from the expert trajectory as time progresses. b) An autopilot
example where the Behavioural Cloning agent fails to recover from its initial mistake [16].
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In the context of DTR, IL typically corresponds to offline behavioural cloning,

as online interaction is rarely feasible due to ethical, safety, and practical constraints

in clinical environments. As such, IL approaches rely entirely on retrospective

data without querying or exploring alternative actions during learning. While

this limits their capacity for treatment optimisation, IL remains attractive for its

simplicity and alignment with clinician behaviour.

2.3.1 Imitation-Learning-Based DTR

Imitation learning for DTR focuses on minimising the difference between the learnt

policy and the actual treatments prescribed by clinicians. Conceptually, this is

closely related to time-series classification or regression, where at each step the

model predicts the ’correct’ treatment from the features of the patient. Several

works demonstrate how standard supervised learning networks can be turned into

treatment recommendation systems. For example, Sun et al. [17] leverage patient-

similarity scores to recommend cerebral infarction treatments, while Bajor and

Lasko [18] employ recurrent neural networks to capture the temporal dynamics of

sequential prescriptions. Based on this, DoctorAI uses RNNs trained on large-scale

EHR data to predict future diagnoses and medications with strong performance

and generalisability [19]. Similarly, the deep diabetologist applies RNNs to predict

hypoglycemic medications for diabetic patients, outperforming logistic regression

baselines [20]. A broader approach is presented in [21], where deep-sequence models

trained on millions of inpatient medication orders achieved high top-k prediction

accuracy, making them practical tools for clinical decision support across general

inpatient populations. Beyond medication prediction, several works explore drug

effectiveness. For example, [22] predicts the efficacy of antihypertensive medications

in patients with heart failure using longitudinal blood pressure data, achieving

an F1 score close to 0.97. PerDREP [23] models individualised drug responses

taking into account patient heterogeneity and leveraging similarity graphs. This

not only improves prediction accuracy, but also uncovers clinically meaningful

patient subgroups. Addressing the safety of drug combinations, DFNet [24]
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integrates knowledge of drug relationships into a dual decision fusion framework

that aligns patient and drug representations to recommend safe and effective

combinations. [25] presents a graph-integrated model combining EHR data with

a Drug-Drug Interaction (DDI) knowledge graph to predict drug combinations

and minimise adverse effects, while also forecasting outcomes such as mortality

risk for critically ill patients.

A key limitation of IL-based methods is compounding error. Any deviation from

the expert’s trajectory can accumulate exponentially over many time steps [26]. In

a hospital setting, if the sampling rate is hourly over a long stay, even a modest

imitation gap at each hour can become substantial. Another limitation involves

class imbalance: common treatments are over-represented in EHRs, whereas crucial

but rarer interventions may be learnt using a behaviour cloning model. Because

these rare actions can be essential for certain patients (e.g., life-saving interventions),

naively training on unbalanced data often produces suboptimal performance.

2.4 Reinforcement Learning and DTR Applica-
tion

Compared to IL, RL provides a more powerful and flexible framework for DTRs.

RL explicitly optimises long-term outcomes by interacting with the environment or

learning from the offline data collected from the environment, rather than simply

replicating historical decisions. This makes RL particularly promising for healthcare,

where treatment decisions have delayed and compounding effects that are difficult

to capture through supervised methods. Formally, the goal of RL is to find a policy

π∗ that maximises the expected (discounted) cumulative reward:

π∗ = arg max
π

Eat∼π(·|st), st+1∼P (·|st,at)

 H−1∑
t=0

γtR(st, at)
.

In offline (batch) RL, we have a fixed dataset D of transitions {(s, a, r, s′)} collected

under some (possibly unknown) behaviour policy. The objective is similar to
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maximise returns, but subject to learning only from D:

π∗ = arg max
π

E(s,a,r,s′) ∼ D

 H−1∑
t=0

γtR(st, at)
 subject to using D.

Because the agent cannot collect new samples, offline RL algorithms must carefully

address the mismatch between the policy learnt (π) and the distribution of states

and actions present in D.

2.4.1 Key Concepts and Algorithms in Reinforcement Learn-
ing

To better understand RL methods in the DTR setting, it is important to distinguish

three key dichotomies: (1) Online vs Offline RL: Online RL involves learning

through direct interaction with the environment in real time, updating the policy

based on feedback from new actions taken. Offline RL, by contrast, learns exclusively

from previously collected data, often in the form of logged patient trajectories (i.e.,

observational data). (2) On-Policy vs Off-Policy RL: On-policy methods learn

from data collected using the same policy that is being improved, requiring the

agent to interact with the environment using its current policy continually. Off-

policy methods, however, can learn from data generated by a different policy, such

as the historical behaviour of clinicians. (3) Value-Based vs Policy-Based

Methods: Value-based methods (e.g., Q-learning) estimate the expected future

reward of actions and derive the policy by maximising these values. Policy-based

methods (e.g., REINFORCE) directly learn a parameterised policy by optimising

the expected return via gradient ascent. Specifically, all offline RL algorithms are

value-based, since policy-based optimisation requires an on-policy setting with

environmental interactions.

Table 2.1 summarises the key RL approaches applicable to DTR settings, along

with their respective training and evaluation characteristics. IL aims to replicate

the historical behaviour of the clinician and thus does not involve exploration.

Nevertheless, IL models may be prospectively evaluated when deployed, particularly

in low-risk scenarios. Both online RL paradigms rely on real-time interaction with
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Table 2.1: Taxonomy of RL and IL paradigms for DTRs in healthcare. Env. denotes
environment.

Paradigm Data
source

Exploration
during
training?

On/Off
Policy

Online
Evalua-
tion?

IL Retrospective No On Yes or No
Online On-policy
RL

Env. interac-
tion

Yes On Yes

Online Off-policy
RL

Env. interac-
tion

Yes Off Yes

Standard Offline RL Retrospective No Off Yes
Offline RL for DTR Retrospective No Off No

the environment to collect new data, differing in whether they leverage off-policy

data during training. Standard offline RL is interaction-free during training, but

usually requires online environmental return for policy evaluation. In contrast,

Offline RL for DTR is specifically constrained to avoid any patient-facing exploration,

focusing solely on retrospective learning. This requires robust off-policy evaluation

methods to ensure the reliability of the learnt policies.

Off-policy RL Algorithms for Discrete Action Space

The following describes different RL algorithms for off-policy learning in the

discrete action space.

1. Deep Q-Network (DQN) [27]: DQN integrates deep neural networks with

the value-based Q-learning algorithm. A neural network parameterised by θ

approximates the action-value function Q(s, a; θ). To stabilise training, DQN

maintains a separate target network with parameters θ−. The loss function is:

LDQN(θ) = E(s,a,r,s′)∼D

[(
r + γmax

a′
Q
(
s′, a′; θ−

)
− Q(s, a; θ)

)2
]
, (2.8)

where D is the replay buffer containing transitions (s, a, r, s′). DQN introduced

experience replay and fixed Q-targets to reduce correlation in updates and

improve stability.
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2. Double Deep Q-Network (Double DQN) [28]: Double DQN addresses

the overestimation bias present in standard DQN. It uses one set of parameters

θ to select actions and another set θ− (the target network) to evaluate them:

LDDQN(θ) = E(s,a,r,s′)∼D

[(
r + γ Q

(
s′, arg max

a′
Q
(
s′, a′; θ

)
; θ−

)
−Q(s, a; θ)

)2]
.

(2.9)

This decoupling reduces overestimation by ensuring that the selection and

evaluation of actions are carried out by different networks.

3. Dueling Network Architecture [29]: The dueling network architecture

factorises the Q-function into a state-value function V (s) and an advantage

function A(s, a). The final Q-function combines them as:

Q(s, a) = V (s) + A(s, a)− 1
|A|

∑
a′
A(s, a′), (2.10)

where A is the action set. This decomposition helps the network to assess

how good a state is, separately from how beneficial each action is relative to

others.

4. Categorical DQN (C51) [30]: C51 enhances DQN by modelling the

distribution of returns, Zs,a, rather than just the expected value. This return

distribution is represented on a discrete set of N support points {z1, . . . , zN}.

A key step is the distributional Bellman update, which redistributes probability

mass from the next state s′ and next action a∗ onto the supports for (s, a):

Pr
(
Zs,a = zi

)
=

N∑
j=1

Pr
(
Zs′,a∗ = zj

)
Pr
(
R = r | s, a

)
I
[
zi = r + γ zj

]
,

(2.11)

where I[·] is the indicator function. By capturing the entire return distribution,

C51 produces richer training signals and often improves performance.

Off-policy RL Algorithms for Continuous Action Space

1. Deep Deterministic Policy Gradient (DDPG) [31]: DDPG is a model-

free, off-policy actor-critic algorithm for continuous action spaces. It combines
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ideas from DQN (target networks and replay buffers) with deterministic policy

gradients. Let Q(s, a; θQ) be the critic, and µ(s; θµ) the actor. The critic is

updated by minimising:

LDDPG(θQ) = E(s,a,r,s′)∼D

[(
r+γ Q

(
s′, µ(s′; θµ−); θQ−)−Q(s, a; θQ)

)2
]
, (2.12)

where θQ− and θµ
− are parameters of the respective target networks. The

actor’s parameters θµ are then updated using the deterministic policy gradient

using the current critic.

2. Twin Delayed DDPG (TD3) [32]: TD3 addresses the overestimation bias

and instability inherent in Deep Deterministic Policy Gradient methods by

incorporating several key modifications. First, it employs clipped double-Q

learning, wherein two critic networks are used, and the minimum of their

predicted Q values is selected as the target, effectively reducing overoptimistic

value estimates. Second, the algorithm introduces delayed policy updates,

updating the actor network less frequently than the critic networks, which

promotes greater stability in the learning process. Third, target policy

smoothing is applied by adding noise to the target actions, thereby mitigating

the risk of overfitting to sharp and potentially erroneous fluctuations in the

estimated Q-function.

3. Soft Actor-Critic (SAC) [33]: SAC is an off-policy actor-critic algorithm

grounded in the maximum entropy framework, seeking to maximise returns

while encouraging exploration via high-entropy policies. Two critics Qθ1 , Qθ2

reduce the overestimation. Their parameters θi are updated by minimising:

LSAC(θi) = E(s,a,r,s′)∼D

[(
Qθi

(s, a)−
(
r + γ

(
min
j=1,2

Qθ−
j

(s′, a′)− α log πϕ(a′ | s′)
)))2

]
,

(2.13)

where θ−
j are parameters of the target critics, πϕ is the stochastic actor, α

is the temperature parameter, and D is the replay buffer. The policy πϕ is

trained to maximise both Q-values and entropy:

JSAC(ϕ) = Es∼D, a∼πϕ

[
α log

(
πϕ(a | s)

)
− min

i=1,2
Qθi

(s, a)
]
. (2.14)
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By prioritising entropy, SAC encourages more robust exploration and avoids

prematurely converging to suboptimal deterministic actions.

Offline RL Algorithms

Offline RL (also known as batch RL) learns from a fixed dataset D collected by some

(possibly unknown) behaviour policy β. No further data collection is possible, so one

must avoid relying on out-of-distribution (OOD) state-action pairs. Several offline

RL methods address this challenge by constraining Q-value estimates, restricting

the policy to the data distribution, or implicitly filtering for high-value actions

in the dataset using expectile regression.

1. Conservative Q-Learning (CQL) [34]. CQL discourages the policy from

selecting actions not supported by the offline dataset by learning a conservative

Q-function that lower-bounds the true Q-values. One way to write its objective

(discrete-action version) is:

JCQL(Q) = αE(s,a)∼D

[
log

∑
a′∈A

exp
(
Q(s, a′)

)
−Q(s, a)

]
+ LBellman(Q),

(2.15)

where LBellman represents a standard Bellman backup loss (e.g. MSE between

Q and a target). The term multiplied by α penalises the Q-values for actions

outside the data distribution, making the learnt Q-function more conservative.

2. Batch-Constrained Deep Q-Learning (BCQ) [35]. BCQ limits the

agent to actions that resemble those in the offline dataset. An approach is to

model the behaviour policy β (or an approximation thereof) with a generative

network and constrain the learnt policy π to stay close to β. In discrete

settings, for instance:

π(a | s) ∝ β(a | s) 1
{
Q(s, a) ≥ τ

}
, (2.16)

where 1{·} is the indicator function and τ is a threshold. Hence, BCQ does

not deviate too far from the dataset, reducing the selection of OOD actions.
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3. Bootstrapping Error Accumulation Reduction (BEAR) [36]. While

BCQ can be too conservative, BEAR relaxes this restriction by allowing small

probabilities for actions not seen frequently in D. The key idea is to constrain

the distance between the learned policy π and the behaviour policy β via a

suitable divergence (e.g. MMD):

min
π

Es∼D

[
−Qθ

(
s, π(s)

)]
s.t. d

(
π(· | s), β(· | s)

)
≤ ϵ, (2.17)

where d(·, ·) is a divergence measure. By choosing ϵ > 0 carefully, BEAR

allows modest policy improvement beyond the dataset while avoiding drastic

OOD actions.

4. Implicit Q-Learning (IQL) [37]. IQL aims to learn a policy π that

implicitly remains close to the data distribution without explicitly restricting

actions. The Q-update often uses expectile regression:

LIQL(θ) = E(s,a,r,s′)∼D

[
ρτ

(
y −Qθ(s, a)

)]
, (2.18)

where ρτ (x) is the expectile loss (a smooth analogue to quantile regression)

for some τ ∈ (0, 1) and y is a standard Bellman target
(
r+γmaxa′ Qθ(s′, a′)

)
.

Crucially, IQL’s policy extraction step discards Q-values for actions not suffi-

ciently supported by the dataset, preventing exploitation of OOD estimates.

These offline RL approaches are often evaluated on non-healthcare benchmark

datasets such as D4RL [38], where data are collected by semi-random or

suboptimal policies. However, these datasets may not reflect the sparse and

imbalanced nature of real-world clinical scenarios (e.g., dynamic treatment

regimes, where some interventions are rarely taken). Evaluating or adapting

offline RL algorithms to such complex domains remains an active area of

research.
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On-policy RL Algorithms

Our study focuses on off-policy and offline reinforcement learning methods due

to ethical and safety constraints that prohibit exploratory interactions with real

patients. As a result, on-policy approaches are not systematically benchmarked

in the subsequent technical chapters. An exception is made in Chapter 7, where

on-policy learning is included solely to establish an optimistic performance upper

bound for comparison with knowledge-injected Large Language Models (LLMs).

For this purpose, we apply Proximal Policy Optimisation (PPO) as a canonical

on-policy baseline.

Proximal Policy Optimisation (PPO) [39]. PPO is an actor–critic algorithm

that iteratively collects fresh trajectories with the current policy, then updates

the policy parameters θ by maximising a clipped surrogate objective. Let rt(θ) =
πθ(at|st)
πθold (at|st) denote the likelihood ratio between the new and old policies, and Ât an

estimator of the advantage function. The clipped objective is

LCLIP(θ) = Et
[
min

(
rt(θ) Ât, clip

(
rt(θ), 1− ε, 1 + ε

)
Ât
)]
, (2.19)

where ε (typically 0.1–0.3) bounds how far the policy may move in a single update.

A separate value network Vψ(st) is trained to minimise

LVF(ψ) = Et
[(
Vψ(st)− R̂t

)2
]
. (2.20)

with R̂t the empirical return. An entropy bonus LENT = Et
[
−H

(
πθ(· | st)

)]
encourages exploration. The complete loss combines all three terms, LPPO(θ, ψ) =

LCLIP(θ) + cv L
VF(ψ) − ce L

ENT(θ), with coefficients cv, ce > 0 controlling the

value-function and entropy weightings. By constraining policy updates through

clipping rather than trust-region projections, PPO achieves stable learning with

modest implementation complexity, making it a popular choice for high-dimensional

continuous and discrete tasks alike.

Throughout this thesis, PPO serves solely as a reference point for the best at-

tainable online performance when unlimited interaction is hypothetically permitted.

All subsequent algorithmic contributions and empirical studies remain within the

stricter off-policy or offline paradigms appropriate for real-world clinical deployment.
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2.4.2 Evaluation Metrics for Modelling Dynamic Treatment
Regimes

In RL-DTRs, one of the most challenging tasks is evaluating a learnt treatment

strategy without deploying it in the real world. This is particularly critical in

healthcare, where online evaluation is often infeasible due to ethical and safety

constraints. Instead, we rely on Off-Policy Evaluation. This framework estimates

the value of a target policy π using retrospective data generated by a different

behaviour policy β (e.g., the historical clinician policy). OPE is essential to assess

whether a learnt treatment policy would outperform existing clinical practices before

any real-world implementation. However, accurate estimation is complicated by

the distributional mismatch between behaviour and target policies, finite samples,

and observational confounding. To address these challenges, we consider multiple

estimators, including variants of Importance Sampling (IS), Direct Method and

Doubly Robust Estimation, each with their advantages and trade-offs.

Weighted Importance Sampling with Bootstrapping

The Weighted Importance Sampling (WIS) [40] estimator corrects for the distribu-

tional mismatch between π and β by re-weighting observed trajectories based on

the likelihood ratio of action probabilities under the two policies. Bootstrapping

is incorporated to estimate confidence intervals and reduce variance through

resampling. The bootstrapped WIS estimator is defined as:

V̂ π
WISB

= 1
B

B∑
b=1

∑Nb
i=1 ρ

(b)
i G

(b)
i∑Nb

i=1 ρ
(b)
i

 (2.21)

where B denote the number of bootstrap samples, and Nb represent the number

of trajectories in the b-th bootstrap sample. For each trajectory i, the cumulative

importance ratio is given by ρ
(b)
i = ∏Hi

t=0
π(ai

t|si
t)

β̂(ai
t|si

t) , where (sit, ait, rit) denotes the t-th

step of the i-th trajectory. The total discounted return for trajectory i is defined

as G(b)
i = ∑Hi

t=0 γ
trit, where γ ∈ [0, 1) is the discount factor.

This estimator can be compactly expressed as an expectation:

V̂ π
WISB

= Eb∼B
[
V̂ π

WIS(b)

]
(2.22)
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Truncated Weighted Importance Sampling

In practice, the importance weights ρi can be extremely large for rare trajectories,

leading to high-variance estimates. To mitigate this, we use a truncation threshold

τ to limit the maximum weight, improving stability at the cost of introducing

bias [41]. The Truncated WIS estimator is defined as:

V̂ π
WIStr =

∑N
i=1 min(ρi, τ)Gi∑N
i=1 min(ρi, τ)

(2.23)

Combined Bootstrapped and Truncated WIS

To benefit from both variance reduction via bootstrapping and stability via trun-

cation, we define a combined estimator:

V̂ π
WIStr,B

= Eb∼B
[
V̂ π

WIStr,(b)

]
(2.24)

This hybrid estimator allows for more reliable performance estimation of treatment

policies by reducing sensitivity to outlier trajectories and finite-sample variability.

Direct Method

The DM estimator for the policy value is formulated as follows:

V̂ π
DM = Eπ

[
Q̂β(s, a)

]
(2.25)

where Q̂β(s, a) is the estimated action-value function under the behaviour policy.

Despite its straightforward approach, DM is highly dependent on the accuracy

of the model for estimating Q̂β, making it susceptible to model misspecification

and bias due to the imbalanced nature of medical data. DM can be implemented

with an offline SARSA-based Q-learning approach to estimate the state-action

value function Q(s, a). The loss function used during training is the mean squared

error of the temporal difference (TD) target:

LDM = E(s,a,r,s′,a′)∼D
[
(r + γQ(s′, a′)−Q(s, a))2]

where a′ is selected according to the behaviour policy β and (s, a, r, s′) are

transitions observed in the dataset.
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Doubly Robust Estimator

The Doubly Robust (DR) estimator [42] combines the strengths of both DM

and IS, offering robustness to errors in either component, iteratively calculated

per-trajectory estimation as:

V̂
(t)
DR = V̂ π(sit) + ηt

(
rit + γV̂

(t+1)
DR − Q̂β(sit, ait)

)
(2.26)

with recursion initialised by V̂
(Hi+1)
DR := 0, andηt = ∏t

k=0
π(ai

k|si
k)

β̂(ai
k

|si
k

) . The overall

estimate is then V̂ π
DR := ∑N

i=1 V̂
Hi
DR.

2.4.3 Reinforcement-Learning-Based DTR

Reinforcement learning (RL) offers a promising alternative to imitation learning (IL)

by directly optimising a reward signal, such as clinical improvement or survival. A

growing body of literature has explored RL to construct dynamic treatment regimes

(DTRs) for chronic and acute conditions, including cancer, diabetes, sepsis, and

anaesthesia [43]. Compared to IL-based approaches, RL has attracted increasing

attention due to its potential to uncover treatment policies that outperform historical

clinician data [44]. The following sections summarise the application of RL-based

DTRs across major clinical domains.

Cancer

In oncology, RL has been applied to personalise chemotherapy, radiotherapy, and

combination therapies. For chemotherapy, algorithms such as Q-learning, Monte

Carlo tree search, and offline RL have been used to optimise dosing schedules.

In particular, Q-learning improved simulated survival rates and reduced grade 4

neutropenia in advanced non-small cell lung cancer (NSCLC) [45, 46]. Conservative

Q-learning has also been explored in colon cancer for regimen selection [47], while

O. et al. reviewed a broader spectrum of RL techniques across various malignancies.

Approaches such as Bayesian data assimilation and multi-objective tree-based

RL have further refined dosing personalisation [49–51]. Radiotherapy has seen

widespread use of deep RL, particularly Deep Q-Networks (DQN), to optimise dose
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distribution and spare surrounding organs. H. et al. applied DQN for adaptive

radiotherapy in stage II–III NSCLC. SARSA with convolutional neural networks

(CNNs) improved precision in stereotactic radiotherapy for head-and-neck and

pancreatic cancers [53, 54]. Further deep RL models have been used for adaptive

radiotherapy in NSCLC and cervical cancer [55–58]. Proximal Policy Optimisation

(PPO) has been effective in improving proton pencil beam scanning for head-and-

neck and liver cancers [59]. Multi-agent RL has coordinated complex planning

in intensity-modulated radiotherapy (IMRT) [60–67]. RL has also contributed

to adaptive planning under tumour uncertainty [68–80]. In combined modality

treatments, RL has supported the scheduling of chemotherapy - immunotherapy

(e.g., melanoma, using a deep deterministic policy gradient) [81], intermittent

androgen deprivation therapy for prostate cancer [82], and locoregional systemic

approaches [74].

Despite promising computational outcomes, the application of cancer using RL

in the real-world remains limited. Most models rely on retrospective datasets or

simulations, and few have been validated on actual patient data—representing

a key translational barrier.

Diabetes

Reinforcement learning (RL) has emerged as a powerful framework for personalising

insulin dosing in diabetes care, consistently outperforming conventional algorithms

across simulations and select clinical trials. By formulating insulin delivery as a

sequential decision-making problem, RL enables agents to maximise time-in-range

(TIR) while minimising the risk of hypo- and hyper-glycaemia. Four clinical trials

have explored its application across type 1, type 2, and postoperative cohorts. For

example, offline model-based RL raised the mean TIR from 61.4% to 85.5% in

a retrospective dataset of 12,981 individuals with type 2 diabetes [83]. Similarly,

distributional RL improved intravenous insulin dosing accuracy after cardiac surgery,
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reducing the mean absolute error (MAE) to 1.1 units across 5,228 cases [84]. Proof-

of-concept trials have further demonstrated personalised bolus adjustments and

bedside deployment of simulation-trained policies [83, 85].

Across simulation benchmarks, RL algorithms consistently outperform rule-

based and proportional–integral–derivative (PID) controllers. Classical Q-learning

has achieved TIR levels exceeding 85% while maintaining hypoglycaemia below

2% [86–88]. Contemporary deep RL methods such as Soft Actor–Critic (SAC),

Proximal Policy Optimisation (PPO), and shielded SAC variants [89, 90] have

demonstrated robust performance across age groups and safety-critical regimes. In

particular, SAC-based dual hormone controllers that incorporate glucagon delivery

have increased adolescent TIR by approximately 11% [91]. Model-based strategies,

including Echo-State planning [92], Dyna-Q [93], and ensemble deep RL [94], further

refine performance, achieving glucose prediction errors below 15 mg/dL and less

than 0.5% time below range. In parallel, neuro-adaptive fuzzy actors (NAFA) have

been developed for subcutaneous insulin delivery in type 2 diabetes [95].

Patient personalisation has also been improved through adaptive RL mechanisms.

Transfer-entropy initialisation has allowed TIRs to approach 98% in adult users [96,

97], while meta-RL embeddings can adjust to individual patient dynamics in 24

hours [98]. Hierarchical approaches such as Option-Critic [99] and multi-agent

Q-learning [100] have significantly reduced postprandial glucose excursions. Cross-

patient generalisation has been further supported by domain randomisation in deep

deterministic policy gradients (DDPG) [101], while the temporal difference learning

driven by the electronic health record (EHR) has enabled data-efficient training

directly from clinical datasets [102]. Meal-agnostic Double DQNs have also been

proposed to reduce the reliance on manual meal annotation [103].

Safety and stability remain critical for real-world deployment. Offline algorithms

such as Conservative Q-Learning and TD3-BC have demonstrated over 10% TIR

improvements compared to behaviour cloning without increasing hypoglycaemic

risk [104]. Hybrid training strategies, combining offline pre-training with limited

online updates, have yielded an additional 9.7% TIR gain [105]. To maintain
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operational safety, Lyapunov-constrained SAC has been introduced, which preserves

the behaviour of the bounded system during the execution of the policy [106].

Despite these advances, key limitations persist. Many studies rely heavily on

simulators and report heterogeneous metrics, which limits comparability and clinical

relevance. In addition, few long-term trials assess generalisability or sustained

efficacy in real-world settings. Most current methods assume continuous glucose

monitoring (CGM), restricting their use in patients without such infrastructure. In

addition, insulin therapy is frequently required in non-diabetic critical care patients,

a clinically important subgroup that remains underexplored in the RL literature.

Sepsis

In the management of sepsis, RL has been explored to personalise interventions

such as fluid resuscitation, vasopressor dose, and antibiotic timing. Zhang, Zheng,

and Liu [107] reported an improvement in average survival (4.1 to 5.7 days) using

tailored fluid strategies, while Kim, Ausin, and Chi [108] achieved a reduction

in the incidence of septic shocks from 17% to 5.7%. Additional RL approaches

that optimised combined fluid-vasopressor regimens led to survival gains of up to

10% [109, 110]. In vasopressor management, RL models have proposed more liberal

dosing strategies than traditional protocols [111, 112]. RL-guided recommendations

have also supported earlier fluid administration and reduced use of vasopressors [113,

114]. Integrated optimisation of fluid and vasopressor therapy has been shown to

further enhance patient outcomes [110, 115–117]. RL has also been applied to

antibiotic administration timing and glycaemic control using methods such as DQN,

policy iteration, off-policy sampling, temporal difference learning, and partially

observable Markov decision processes [118–124]. Reported benefits include mortality

reductions of 2.3–22% and survival improvements up to 15.21%. Nevertheless,

clinical implementation remains rare. Studies vary widely in reward definitions,

evaluation metrics, and optimisation targets, which complicates comparison. These

challenges are examined in Section 2.5.
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Critical Care Interventions

RL has demonstrated increasing utility in a wide range of critical care applications

beyond sepsis, including sedation, mechanical ventilation, vasopressor administra-

tion, and anaesthesia control. In sedation management, RL algorithms such as

Deep Deterministic Policy Gradient (DDPG) [125], Deep Q-Network (DQN) [126],

and Conservative Q-Learning (CQL) [127] have been trained on retrospective

datasets like MIMIC-IV to improve dosing precision and reduce the incidence of

delirium. In particular, morphine dosing optimisation using Dueling Double Deep

Q-Networks trained in MIMIC-III improved pain control and dosing efficiency [128].

RL applications in mechanical ventilation have shown especially promising results.

Early work on joint sedation-ventilation policies improved extubation readiness while

maintaining patient comfort [129]. More recent studies expanded the RL action

space to include fine-grained ventilator settings, surpassing clinician performance in

simulated outcomes related to mortality and ventilator-induced lung injury [130].

Techniques such as CQL and Double DQN have improved ventilator parameter

selection, leading to improved physiological stability and survival outcomes across

datasets such as MIMIC-III and eICU [131–137]. Furthermore, novel algorithms,

such as ConformalDQN [138], Dynamic Weighted DQN [137], and deconfounding

actor-critic models [139], have addressed uncertainty and confusion in clinical

environments. Advanced RL techniques have also informed decision-making in non-

invasive ventilation, leveraging Double Dueling DQNs with retrospective MIMIC-III

data [140]. RL methods have been applied in both simulation and retrospective

settings in anaesthesia control. For example, policy-constrained Q-learning [141]

and Watkins Q-learning [142] have guided propofol infusion strategies and optimised

anaesthetic depth. Similarly, intravenous heparin dosing has been fine-tuned using

DDPG algorithms trained on records from Emory and MIMIC [143], while propofol

control strategies have been validated in simulated environments [144]. RL has also

proven to be effective in less traditional critical care tasks. In oxygen therapy for

COVID-19, DDPG models trained in NYU Langone Health EHR data improved

oxygen administration [145, 146]. Additional applications include heart failure
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Evaluation tier Cancer Diabetes Sepsis / Critical
care

in-silico only [49, 53, 54, 56, 57,
59, 61, 63, 68, 78,
79, 151–153]

[86, 88, 89, 92, 94,
95, 101, 103, 104,
106, 154–163]

[108, 111, 113–115,
117–120, 123, 124,
164–172]

Retrospective [47, 51, 74, 173,
174]

[83, 84, 93, 102, 175,
176]

[107, 109, 110, 112,
116, 122, 177–183]

Clinical validation — [85, 87, 100] —
External-site [69, 70, 80] [98, 101] [112, 168, 178, 179]

Table 2.2: A selective table on how RL studies evaluate policies. Simulation-only work
dominates; genuine prospective validation is rare.

treatment [147], stabilisation of vital signs [148], prevention of delirium during

ventilation [149], optimisation of cancer treatment [117], and multiobjective policy

learning for complex intervention management [150].

Overall, these applications (though not exhaustive) illustrate how IL and RL

have been used to derive DTRs across various clinical contexts. However, substantial

barriers remain to the transition from in silico success to clinical integration. The

following sections explore outstanding issues, focusing on data curation, reward

design, offline policy evaluation, and safety guarantees.

2.5 Open Issues in RL-Driven Dynamic Treat-
ment Regimes

As a cutting-edge interdisciplinary application that bridges healthcare and artificial

intelligence, RL-driven DTRs remain at an early stage of development. In the

following, we summarise three pressing challenges to address before these methods

mature into reliable clinical decision support tools.

Policy Evaluation

Most published studies still assess policies in silico, either in customised simulators

or via retrospective EHR replays. As Table 2.2 shows, the simulation-only category

dominates across cancer, diabetes, and sepsis. For example, radiotherapy planners

are almost exclusively benchmarked in virtual environments [53, 68], while the

majority of glucose control articles rely on UVA / Padova or similar simulators [86,
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Reward
family

Typical
signal Cancer Diabetes Sepsis /

ICU
Binary
outcome Survival [49, 151] — [44, 108, 109,

117, 119, 183]
Dense
physiological

Dose, glucose
MAP, SOFA [53, 58, 62,

68]
[86, 88, 104,

106, 156, 161]
[111, 113,

124, 167, 184]

Composite
multi-objective

TCP/NTCP
TIR + hypo
MAP + mortality

[51, 59, 79] [94, 98, 163] [116, 118,
147]

Shaped or
hierarchical

Reward shaping
safety [80, 152] [99, 106, 154] [169, 181,

185]

Table 2.3: A selective table showing the diversity of reward definitions. Very few studies
compare alternative rewards on the same dataset.

88]. Retrospective EHR studies, for example AI Clinician for sepsis [44] or offline

RL for type 2 diabetes dosing [83], increase clinical realism, yet remain subject to

unmeasured confounding and policy evaluation bias. Only a handful of works have

been tested in prospective or proof-of-concept trials, all in diabetes care [85, 87].

Establishing common, sharable simulation benchmarks and reporting standardised

policy evaluation metrics will be essential to enable fair comparison of algorithms

and build the confidence required for clinical deployment.

Reward Design

The reward definition is highly hand-crafted and varies markedly by clinical domain

(Table 2.3). Cancer studies often optimise dose-based surrogates such as tumour

control probability or organ at risk preservation [59, 79]; diabetes work typically

maximises TIR while penalising hypoglycaemia [104, 106]; sepsis research oscillates

between sparse binary survival rewards [109] and dense haemodynamic targets

such as mean arterial pressure [111]. Comparison of algorithms across studies is

nontrivial because different rewards induce different clinical trade-offs. Exceptionally

few papers perform ablation studies to test how alternative reward signals affect

learnt policies, and almost none attempt to elicit clinician or patient preferences
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explicitly. A systematic framework for reward selection, potentially informed by

causal inference and multi-objective optimisation, remains an open research avenue.

Generalisation and Transferability

RL policies trained on a single cohort or simulator frequently overfit to that narrow

data distribution. Only isolated studies explore explicit generalisation strategies,

such as personalised embeddings for cross-patient adaptation in glucose control [98],

domain randomisation in prostate cancer therapy scheduling [80], or external-site

validation of haemodynamic policies across European and US ICUs [112]. Off-

policy evaluation techniques, such as importance sampling with high-confidence

bounds [116] have begun to appear, yet there is no consensus on which estimator

is most reliable under clinical covariate shift.



3
Data

This chapter presents the data sources used in this thesis, comprising two real-world

datasets derived from the MIMIC-III database and four synthetically generated

treatment environments. Real-world datasets provide authentic clinical complexity,

while synthetic environments offer controlled experimental settings for rigorous

evaluation of RL frameworks applied to dynamic treatment regimes.

The Medical Information Mart for Intensive Care (MIMIC-III) [186] is an

openly accessible, de-identified database that includes detailed clinical data on more

than 40,000 patients who were admitted to critical care units of the Beth Israel

Deaconess Medical Centre in Boston, Massachusetts, between 2001 and 2012. The

database captures a wide range of information, including patient demographics, time-

stamped vital signs, laboratory results, diagnostic and procedural codes, medication

administration, caregiver notes, radiology reports, and mortality outcomes, both

in-hospital and post-discharge. The granularity and breadth of MIMIC-III make

it highly suitable for modelling DTRs across heterogeneous patient populations

and disease presentations within intensive care.

In this thesis, two distinct real-world datasets derived from MIMIC-III are used.

Section 3.1 introduces a widely used sepsis cohort curated by [44] to facilitate the

learning of treatment regimes involving intravenous fluids and vasopressors. This

dataset has been selected due to its frequent adoption in the literature [187–191],

serving as a representative benchmark for comparative evaluation. The second

dataset reported in Section 3.2 is a novel curated insulin administration cohort

35
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developed as part of this thesis. It enables the evaluation of reinforcement learning-

based treatment strategies for glycaemic control in critically ill patients, as well

as predictive modelling of hypoglycaemic events.

3.1 MIMIC-III Sepsis Cohort

The Sepsis cohort consists of approximately 10,000 patients and focuses specifically

on the administration of intravenous fluids (IV) and vasopressors within the ICU.

The dataset targets the critical phase of sepsis management and supports the

development of treatment policies using reinforcement learning methodologies. The

cohort is extracted according to the sepsis-7 criteria [192], and includes clinical

information captured during a 72-hour window surrounding the estimated time

of onset of sepsis from 24 hours before to 48 hours after onset. This time frame

encapsulates the early resuscitation period, where intervention decisions are the

most influential on patient outcomes. In this dataset, IV fluids and vasopressor

dosages are discretised into five levels, forming a structured 5× 5 action space.

The extracted dataset contains 48 observational variables, including demo-

graphics, Elixhauser premorbid status, vital signs, laboratory values, fluids and

vasopressors received and fluid balance. Patients’ data were coded as multidimen-

sional time series with 4-h time steps. Data variables with multiple measurements

within a 4-h bin were averaged (for example, heart rate) or summed (for example,

urine output) as appropriate. All features were checked for outliers and errors and

imputed following the original paper [44]. Table 3.1 presents the observation space.

3.1.1 Patient Stratification

Patient stratification plays a critical role in modern clinical research and decision-

making, particularly given the heterogeneous nature of patient responses and

trajectories in intensive care settings [193, 194]. Tailoring interventions to subgroups

based on clinically relevant stratification criteria enhances the generalisability and

interpretability of computational models, particularly those designed to support

high-stakes clinical decisions. Despite its clinical importance, stratification is often
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Table 3.1: List of features used in the sepsis cohort. Abbreviations: SOFA, Sequential
Organ Failure Assessment; SIRS, Systemic Inflammatory Response Syndrome; SpO2,
peripheral capillary oxygen saturation; BUN, blood urea nitrogen; SGOT, serum glutamic-
oxaloacetic transaminase; SGPT, serum glutamic-pyruvic transaminase; PTT, partial
thromboplastin time; PT, prothrombin time; INR, international normalised ratio; PaO2,
arterial partial pressure of oxygen; PaCO2, arterial partial pressure of carbon dioxide;
FiO2, fraction of inspired oxygen.

Category Items Type

Demographics

Age Cont.
Gender Binary
Weight Cont.
Readmission to intensive care Binary
Elixhauser score (premorbid status) Cont.

Vital signs

Modified SOFA score Cont.
SIRS criteria Cont.
Glasgow Coma Scale Cont.
Heart rate, blood pressure (systolic, mean, dias-
tolic), shock index

Cont.

Respiratory rate, SpO2 Cont.
Temperature Cont.

Laboratory values

Potassium, sodium, chloride Cont.
Glucose, BUN, creatinine Cont.
Magnesium, calcium, ionised calcium, carbon diox-
ide

Cont.

SGOT, SGPT, bilirubin (total), albumin Cont.
Haemoglobin Cont.
White blood cell count, platelets, PTT, PT, INR Cont.
pH, PaO2, PaCO2, base excess, bicarbonate, lactate,
PaO2/FiO2 ratio

Cont.

Ventilation Mechanical ventilation Binary
FiO2 Cont.

Medications
and fluid balance

IV fluid intake (past 4h) Cont.
Maximum vasopressor dose (past 4h) Cont.
Urine output (past 4h) Cont.
Cumulative fluid balance since admission Cont.

Outcomes Hospital mortality Binary
90-day mortality Binary

overlooked in the current literature on RL for DTRs, potentially introducing bias

and limiting applicability across diverse patient cohorts. To address this limitation,

we introduce a stratification approach based on the National Early Warning Score

2 (NEWS2), a validated clinical score to monitor acute physiological deterioration.

Our stratification strategy is designed to highlight the differential risk of mortality

and stability of the trajectory among patients. Specifically, we define two primary
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stratification axes: the rate of change in NEWS2 scores over time, and the variability

in these changes, captured by the standard deviation (SD) of the score trajectory.

We define our stratification process by considering the rate of change in NEWS2

scores during admission, which reflects the speed of patient deterioration or recovery.

In addition, patients are categorised into two groups based on the standard

deviation of their NEWS2 score changes: those with high variance, indicating

a more fluctuating state and those with low variance, indicating a more stable

deterioration/recovery, split by the SD median in the subgroup. NEWS2 scores

are segmented into distinct brackets [-0.4, -0.15, 0, 0.15, 0.4], and the variance is

classified as low or high. A comprehensive data distribution plot is shown in Fig

3.1. For the dataset split, we first divided all data into subgroups (2 outcomes, 6

NEWS2 score bins, and 2 SD levels) and ensured that each group was (near) evenly

distributed in training, validation, and test sets for fair evaluations.

3.1.2 Action Discretisation

The treatment space in the Sepsis cohort is defined by two continuous clinical

interventions, IV fluid administration and vasopressor dosing. To make these

suitable for RL-based modelling, both variables are discretised into five ordinal

bins, consistent with the scheme proposed by [44]. Each bin represents a clinically

relevant range of dosages and is associated with a representative median value,

as shown in Table 3.2.

Action IV Fluids Vasopressor
Range Median Range Median

0 0 0 0 0
1 (0, 50] 40.0 (0, 0.08] 0.044
2 (50, 180] 93.75 (0.08, 0.22] 0.15
3 (180, 530] 315.35 (0.22, 0.45] 0.301
4 (530,∞) 949.8 (0.45,∞) 0.9

Table 3.2: Action Discretisation Range and Median

In particular, the median values for each dosage bin differ from those reported

in the original supplementary material [44]. These differences arise from sev-
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Figure 3.1: Data Stratification using rate of change in NEWS2 score and admission
outcome. The plot includes (top left) the distribution of mean NEWS2 score, (top right)
mean NEWS2 against SD, (middle left) distribution of NEWS2 rate of change, (middle
right) NEWS2 rate of change mean against its SD, and (bottom) the distribution of
mean NEWS2 score for each stratified fold. Stratified by the rate of change of NEWS2,
it is observed that patients with different deterioration/recovery speeds are distributed
across all risk levels. The plot also shows that the number of patients can significantly
differ across risk stratification, supporting the need for RL evaluation on all subsets.

eral deliberate modifications introduced in our work to improve the clinical and

methodological reliability. Firstly, we redefine the outcome measure from 90-day

to in-hospital mortality, guided by clinical input, to more directly capture the

short-term effects of treatment decisions. Secondly, patients with incomplete or

inconsistent time-series data are excluded. Specifically, we remove admissions with

missing information that spans more than four hours during treatment windows, as

these gaps introduce ambiguity in sequential modelling. Unlike the original study,

which treated irregularly sampled data as uniformly spaced, our approach adheres
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more closely to RL best practices regarding temporal resolution. Furthermore, we

omit the ‘input 4-hourly’ feature from the observation space, since this variable

directly reflects the administered treatment and therefore constitutes part of the

action space. Including it would introduce data leakage and potentially confound

model learning and evaluation.

3.2 MIMIC-III Insulin Administration Cohort

This section describes the development of a real-world dataset derived from the

MIMIC-III database, designed to characterise glycaemic control patterns among

adults admitted to intensive care. The cohort was curated to facilitate detailed

modelling of glucose–insulin dynamics across diverse clinical trajectories, with

a particular emphasis on supporting the RL decision-making frameworks. An

illustrative example of aligned multivariate time series and a schematic summary

of the data flow are shown in Fig. 3.2. Dataset construction followed a structured,

multi-stage pipeline incorporating clinical expertise and data-driven quality control.

Relevant records were extracted from multiple tables within MIMIC-III, including

laboratory measurements, physiological observations, medication administrations,

and demographic information. In total, 8,472 ICU stays were retained from 7,086

unique patients following the application of predefined exclusion rules.

The curation process begins with the alignment of insulin and glucose events,

which were then merged with auxiliary clinical data such as prescription logs, fluid

input/output records, and vital signs. Observations were resampled at fixed intervals

( 1 h or 2 h), enabling a consistent temporal framework across stays. Subsequent

processing steps included imputation, unit harmonisation, and normalisation of

the measurement scales. Insulin dosages were discretised into clinically informed

bins, and each stay was annotated with key stratification attributes, including

age, sex, diabetes status, and evidence of hypoglycaemia. The final dataset was

partitioned into training, validation, and test sets in a 70%/15%/15% split, stratified

to preserve population heterogeneity and prevalence of the outcome. We proposed
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two tasks: the first targets insulin dosing recommendation, and the other focuses

on hypoglycaemia risk prediction.
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Figure 3.2: Summary of cohort construction and example patient data. (a) Illustrative
multivariate time series showing glucose levels, insulin infusions, and selected covariates.
For brevity, not all features are shown. The example captures a typical transition from
intravenous insulin infusion to subcutaneous injection in an ICU patient, underscoring the
complexity and difficulty of the insulin dosing task; (b) Overview of the data curation and
preprocessing pipeline for the MIMIC-III insulin cohort. The pipeline incorporates multi-
source data integration, exclusion filtering, glucose–insulin pairing, temporal resampling,
patient stratification, and task-specific preparation for insulin dosing and hypoglycaemia
prediction.

Glucose and Insulin Selection

We begin from a previously curated dataset of glucose-insulin pairs extracted from

MIMIC-III based on prior work [195]. Stays in the ICU were included only if they

contained at least 24 hours of data, with a minimum of four glucose measurements

per day and evidence of short-acting insulin administration (bolus or infusion). To

ensure temporal consistency, we truncated each stay in the ICU to the first 30
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days after the initial glucose measurement. This glucose-insulin subset includes all

admissions to the ICU with at least one insulin administration event, regardless of

the type of admission, diagnosis, or demographic of the patient. First and recurrent

admissions to the ICU are retained. The cohort includes approximately 9,600

patients for 11,724 ICU stays in the MetaVision system (2008–2012), selected for

its improved documentation and greater granularity of insulin events compared

to the older CareVue system.

Demographics, Diagnoses, and Anthropometrics

We extract the core demographic and clinical characteristics, including age, sex,

height, weight, and diagnosis based on ICD-9 codes. The extraction of weight

and height is shown in Table 3.3. Only adult patients (age ≥ 18 years) are

retained. Ages above 100 are censored to 90, in line with MIMIC-III de-identification

policy. Diagnoses related to neoplasms (ICD-9: 140–239) and pregnancy (ICD-9:

630–679) are excluded to avoid metabolic confounders not related to standard

glucose management in the ICU. Height and weight are converted to SI units, and

extreme or implausible values (e.g., height <1 m or >3 m; weight <30 kg or >300 kg)

are discarded. ICU stays with missing height or weight are excluded. Diabetes

status is determined from ICD-9 codes. Type 1 diabetes is assigned using codes

250.x1 or 250.x3; type 2 diabetes is assigned using 250.x0 or 250.x2. Additional

glucose-related disorders are identified using codes 790.21, 790.22, and 790.29. These

diagnostic labels are used downstream in both stratification and modelling.

Table 3.3: Height and weight item IDs in MIMIC-III and their unit conversions to SI.

Measurement Item IDs (unit) Conversion to SI

Height (m) 1394, 226707 (in) × 0.0254
226730 (cm) × 0.01

Weight (kg) 580, 581, 763, 224639, 226846, 226512 (kg) × 1
226531 (lbs) × 0.45359237
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Prescription Records and Drug Classification

The medication records were extracted from the PRESCRIPTIONS table, which

includes generic and commercial names, dosage forms, routes of administration, and

National Drug Codes (NDC). We standardised drug entries by mapping them to

RxNorm Concept Unique Identifiers (RxCUIs), using a hierarchical lookup that

prioritises NDCS when available, followed by Generic Sequence Numbers (GSNs),

and finally free-text drug names when structured identifiers are missing. To identify

medications with potential impact on glucose metabolism, we used the Anatomical

Therapeutic Chemical (ATC) classification system maintained by the World Health

Organisation. A targeted subset of ATC categories was selected based on their

documented metabolic effects and relevance in ICU settings. The selection was

based on reviews of the literature and clinical consensus, focusing on drugs known

to increase or lower blood glucose or interact with insulin requirements.

Table 3.4: Included ATC medication categories relevant to ICU glucose management,
with descriptions, rationale, and occurrence counts in the cohort.

ATC
Code

Description Reason for Inclusion Count

A10B Blood Glucose Low-
ering Drugs, Ex-
cluding Insulins

Includes oral agents like metformin,
lower glucose.

1113

C03A,
C07

Thiazide Diuretics;
Beta-Blocking
Agents

Thiazides raise glucose by reducing in-
sulin secretion [196]. Beta-blockers
affect glucose uptake and mask hypo-
glycaemia symptoms [197].

29,382

H02 Corticosteroids for
Systemic Use

Raise glucose via increased gluconeoge-
nesis [198].

4,267

L04 Immunosuppressants Some, like tacrolimus, cause hypergly-
caemia [199].

3,280

N05A,
N06A

Antipsychotics; An-
tidepressants

Antipsychotics can lead to weight gain
and glucose dysregulation [200]. An-
tidepressants are associated with hyper-
glycaemia and diabetes risk [201].

10,721

Table 3.4 summarises the ATC categories included in our analysis, along with

rationale and supporting references. These include insulin and non-insulin glucose-

lowering agents, corticosteroids, certain psychotropics, diuretics, beta-blockers,
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fluoroquinolones, and immunosuppressants. Each category was chosen due to its

known or plausible influence on glycaemic control in critical care. The features

derived from these drug classes were incorporated into the modelling pipeline, either

as binary indicators or as dose-adjusted exposure metrics. Medications not assigned

to the relevant ATC codes or lacking evidence of glycaemic influence were excluded

from further analysis. By limiting feature engineering to clinically meaningful drug

categories, we reduced the dimensionality and enhanced the interpretability without

compromising the coverage of pharmacologic factors influencing glucose dynamics.

Laboratory Measurements

We curated a panel of laboratory measurements relevant to glycaemic control,

inflammation, renal and liver function, and the overall severity of critical illnesses.

Data were extracted from the LABEVENTS table, guided by clinical relevance and item

descriptions from D_LABITEMS. Only numeric values were retained, and units were

standardised where applicable. Non-numeric entries such as textual descriptors (e.g.,

“trace”, “moderate”) were excluded to ensure consistency in downstream modelling.

The final set of laboratory features includes electrolytes, renal biomarkers, liver

enzymes, hematologic indices, and markers of inflammation and oxygenation. This

includes bicarbonate, sodium, chloride, creatinine, blood urea nitrogen (BUN),

haemoglobin, hematocrit, platelet count, white blood cell count (WBC), lactate,

C-reactive protein (CRP), and others commonly measured in ICU workflows.

Table 3.5 presents the selected laboratory analytes and their corresponding item

IDs. These markers were chosen for their clinical significance in glucose homeostasis

and critical illness, and have been frequently included in predictive models involving

ICU patients. Where duplicate item IDs captured the same measurement (e.g.,

across different lab devices), the values were merged and harmonised.

Nutritions, Input and Vitals

To fully capture the factors that influence glucose regulation, we extracted data

on nutritional intake, intravenous infusions, vasoactive medications, and routinely

charted vital signs. Input records were obtained from both INPUTEVENTS_CV and
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Table 3.5: Description of selected item IDs used in the dataset, grouped by laboratory,
vasopressor, and urine output types.

Lab (Sec.3.2) Vasopressor (Sec.3.2) Urine Output (Sec.3.2)

50882 – Bicarbonate 221906 – Norepinephrine 226559 – Foley
50902 – Chloride 221289 – Epinephrine 226560 – Void
50912 – Creatinine 221749 – Phenylephrine 226561 – Condom Catheter
50983 – Sodium 222315 – Vasopressin 226563 – Suprapubic
51006 – BUN 221662 – Dopamine 226564 – Right Nephrostomy
51221 – Haematocrit 221653 – Dobutamine 226565 – Left Nephrostomy
51222 – Haemoglobin 221986 – Milrinone 226567 – Straight Catheter
51265 – Platelet Count 226584 – Ileoconduit
51300 – WBC Count
51301 – WBC Count 226557 – Right Ureteral Stent
50861 – ALT 226558 – Left Ureteral Stent
50862 – Albumin 227488 – GU Irrigant Volume

In
50878 – AST 227489 – GU Irrigant/Urine

Volume Out
50885 – Total Bilirubin
50813 – Lactate

INPUTEVENTS_MV, encompassing enteral feeds, parenteral nutrition, crystalloid and

dextrose infusions, and vasoactive agents. Nutritional formulations such as Ensure,

Glucerna, Nepro, and others were mapped to their macronutrient composition using a

standardised product dictionary, including caloric density and carbohydrate content

per millilitre. Where dilution factors were recorded, nutritional values were adjusted

proportionally. Nutrition, dextrose, and lipids were quantified in grams per millilitre,

using concentration mappings detailed in Table 3.6 and Table 3.7. Vasoactive agents,

including norepinephrine, epinephrine, dopamine, and dobutamine, were identified

and harmonised using variants of common names. Dose units were standardised

across ICU stays, with normalisation by patient weight where possible. These drugs

were selected because of their known physiological impact on glucose metabolism

through stress response pathways. Vital signs and respiratory parameters were

obtained from CHARTEVENTS. This includes heart rate, systolic and diastolic blood

pressure, mean arterial pressure, temperature, respiratory rate, SpO2, FiO2, and

ventilator settings. All item IDs corresponding to these physiological variables are

listed in Table 3.8. Values were converted to consistent units where applicable, and
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extreme or non-numeric entries were excluded. These variables were selected for

their clinical importance in ICU monitoring and for their potential role as covariates

in glucose modelling. Both direct influences (e.g., dextrose administration) and

indirect modulators (e.g., vasopressor use or oxygenation status) are represented

to enable richer temporal modelling of glycaemic dynamics.

Table 3.6: Ingredients list of Nutritional Product. Each row corresponds to one
enteral formula. CHO means carbohydrates.

Product Amount Calories CHO Sugars Fat Protein
(ml) (kcal/ml) (g/ml) (g/ml) (g/ml) (g/ml)

Boost Glucose Control 237 0.80 0.07 0.02 0.03 0.07
Enlive 237 1.48 0.19 0.09 0.05 0.08
Ensure 237 0.93 0.14 0.06 0.03 0.04
Ensure Plus 237 1.48 0.20 0.09 0.05 0.07
FiberSource HN 237 1.22 0.16 0.01 0.04 0.05
Glucerna 200 0.93 0.11 0.03 0.03 0.05
Impact 250 1.00 0.13 – 0.03 0.06
Impact with Fiber 250 1.00 0.13 – 0.03 0.06
Isosource 1.5 237 1.52 0.17 0.08 0.06 0.06
Nepro 220 1.82 0.15 0.03 0.10 0.08
NovaSource Renal 237 2.00 0.18 0.08 0.10 0.09
Nutren 2.0 250 2.00 0.20 0.04 0.09 0.08
Nutren Pulmonary 250 1.50 0.10 0.05 0.09 0.07
Nutren Renal 237 2.00 0.18 0.08 0.10 0.09
Peptamen 1.5 250 1.50 0.19 – 0.06 0.07
Peptamen Bariatric 250 1.00 0.08 – 0.04 0.09
Peptamen VHP 250 1.00 0.08 0.00 0.04 0.09
Pulmocare 237 1.50 0.11 – 0.09 0.06
Replete 250 1.00 0.11 – 0.03 0.06
Replete with Fiber 250 1.00 0.12 – 0.03 0.06
Two Cal HN 200 2.00 0.21 0.05 0.09 0.08
Vivonex 250 1.21 0.00 0.00 0.00 0.04

Vasopressor Administration Extraction

Vasopressor administration episodes were extracted from the INPUTEVENTS_MV table

following the official concept defined in the MIMIC-III code repository1. Extraction
1https://github.com/MIT-LCP/mimic-code/blob/main/mimic-iii/concepts_postgres/

durations/vasopressor_durations.sql

https://github.com/MIT-LCP/mimic-code/blob/main/mimic-iii/concepts_postgres/durations/vasopressor_durations.sql
https://github.com/MIT-LCP/mimic-code/blob/main/mimic-iii/concepts_postgres/durations/vasopressor_durations.sql
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Table 3.7: Dilution Mapping for Dextrose. TPN means total parenteral nutrition.

Nutrition Type Original name Converted name and factor

Dextrose

Dextrose 5% (D5W) Dextrose, 0.05 g/mL
Dextrose 10% Dextrose, 0.1 g/mL
Dextrose 20% Dextrose, 0.2 g/mL
Dextrose 40% Dextrose, 0.4 g/mL
Dextrose 50% Dextrose, 0.5 g/mL
Dextrose PN Dextrose, amount directly in

grams

Lipids

Lipids 20% Lipids, 0.2 g/mL
Lipids additive Lipids, amount directly in grams
TPN with Lipids Dextrose + Lipids, 0.25 g/mL
TPN without Lipids Dextrose, 0.25 g/mL

Table 3.8: ItemIDs and Corresponding Feature Names for Vital Sign Features.
Abbreviations: SpO2, peripheral oxygen saturation; FiO2, fraction of inspired oxygen;
MAP, mean arterial pressure.

Feature Item Names ItemIDs

Diastolic Blood
Pressure

Arterial Blood Pressure diastolic, ART BP
Diastolic

220051, 225310

Systolic Blood
Pressure

Arterial Blood Pressure systolic, ART BP
Systolic, ABP [Systolic], Arterial BP [Sys-
tolic], Manual BP [Systolic], NBP [Systolic]

220050, 225309, 6,
51, 442, 455

Mean Arterial
Pressure

Arterial Blood Pressure mean, ART BP
mean, IABP Mean, NBP Mean, Arterial BP
Mean

220052, 225312,
10166, 224322, 456,
52

Heart Rate Heart Rate 211, 220045
Temperature Temperature C, Temperature C (calc), Tem-

perature F, Temperature F (calc), Tempera-
ture Fahrenheit, Temperature Celsius

676, 677, 678, 679,
223761, 223762

SpO2 SpO2, O2 saturation pulseoxymetry 646, 220277
FiO2 FiO2, FIO2 2981, 3420, 223835
Respiratory Rate Respiratory Rate 618, 220210
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focused on itemids representing commonly used vasopressor agents (Table 3.5).

Only records with a statusdescription not equal to Rewritten were retained to

ensure inclusion of valid, active medication orders. To derive non-overlapping vaso-

pressor episodes at the patient level, overlapping or consecutive orders were merged

using an interval-joining algorithm. Specifically, two administrations were considered

part of the same episode if the start of one overlapped with or immediately followed

the end of the other. This process yielded a consolidated timeline for vasopressor

exposure per stay in the ICU. Episodes with a recorded duration of zero hours

(i.e., identical start and end times) were excluded. Furthermore, episodes where

the recorded infusion rate was persistently missing or zero throughout the entire

administration window were considered clinically implausible and were discarded.

Urine Output

Urine output was extracted following the official fluid balance concept defined

in the MIMIC-III code repository2. Relevant records were identified from the

OUTPUTEVENTS table using itemids corresponding to documented urine excretion

in the MetaVision system. All measurements were standardised to millilitres.

Genitourinary irrigant inputs (itemid 227488) were treated as negative volumes to

account for the net fluid output. Entries with physiologically implausible values

(≥ 5,000 mL) or missing identifiers for ICU stay were excluded. The remaining

observations were aggregated at fixed intervals to produce total urine output, which

was used as a proxy for renal function and fluid balance. A summary of the IDS

of the urine output item is reported in Table 3.5.

Data Aggregation and Processing

After assembling all constituent data sources, including glucose, insulin, laboratory,

vitals, medications, inputs, and outputs, we performed a structured merge using

ICU stay identifiers and timestamps. Additional quality filters were applied to

ensure internal consistency. Stays with implausible anthropometric values (e.g.,
2https://github.com/MIT-LCP/mimic-code/blob/main/mimic-iii/concepts_postgres/

fluid_balance/urine_output.sql

https://github.com/MIT-LCP/mimic-code/blob/main/mimic-iii/concepts_postgres/fluid_balance/urine_output.sql
https://github.com/MIT-LCP/mimic-code/blob/main/mimic-iii/concepts_postgres/fluid_balance/urine_output.sql
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weights below 30 kg or above 300 kg) were removed. Prescription records, which

often lacked time-of-day metadata, were assumed to span entire calendar days, from

00:00 to 23:59, unless otherwise indicated by admission timing. This assumption

standardises daily drug exposure estimates and facilitates temporal alignment

with glucose measurements.

Temporal Resampling and Time Binning

We resampled all dynamic variables into uniform temporal bins to align heteroge-

neous data sources and enable time-series modelling. Three levels of resolution were

implemented: 30-minute, 1-hour, and 2-hour intervals. The binning was anchored

at 00:00 each day to preserve the diurnal patterns. This approach was intentionally

adopted despite not being standard in ICU data processing, as it supports the

modelling of circadian influences on glucose regulation and feeding schedules. A

time-of-day feature was also engineered, converting each timestamp into a continuous

value between 0 and 1 to represent its relative position within a 24-hour cycle. This

variable allows the model to capture circadian variation in physiological states,

including glucose metabolism and insulin sensitivity. We applied time-weighted

averaging within each bin for continuous infusions, such as dextrose or vasopressors.

For intermittent events, such as lab values or insulin boluses, we used forward filling

or aggregation (mean, median) depending on the type of feature. The urine outputs

were summed within each bin, reflecting the cumulative fluid balance.

Imputation

A structured, rule-based imputation strategy was developed, guided by consider-

ations of clinical plausibility and the preservation of temporal integrity required

for sequential modelling. For features derived from input and output events,

medication prescriptions, and drug administration records, missing values were

assumed to reflect non-occurrence or absence of documentation. In such cases, zero

imputation was applied, following established conventions in ICU data analyses and

reflecting the clinical assumption that undocumented interventions are unlikely to

have been administered. For temporally resolved variables, including physiological
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measurements and laboratory results, a hierarchical imputation procedure was used.

Within each stay in the ICU, missing values were first addressed using forward and

backward propagation to preserve continuity in patient-specific time series. When a

variable was entirely unrecorded for a given patient, global median imputation was

applied based on the empirical distribution computed across the training cohort.

A total of 34 features were fully observed across the dataset. These included key

demographic attributes (e.g., age, sex, weight), administrative indicators (e.g.,

time-step index), categorical comorbidity flags (e.g., diabetes mellitus types 1 and

2), and treatment-related variables (e.g., insulin and vasopressor doses, ventilation

status), where missing entries were interpreted as absent interventions or exposures.

The proportion of missing data for all partially observed variables is presented in

Table 3.9. Features without missingness are omitted for the sake of brevity.

Table 3.9: Percentage of missing observations by feature. Fully observed features are
omitted here.

Feature Missing Ratio (%)

Albumin 54.06
ALT 47.52
AST 47.53
Bilirubin 47.32
Lactate 25.11

aPTT 7.84
PT 7.59
Temperature 0.83
Potassium 0.18
WBC 0.11
Hemoglobin 0.11
Hematocrit 0.10
Chloride 0.10
BUN 0.08
Creatinine 0.08
HCO3 0.08
Systolic BP 0.01

Fully–observed features (n=34) 0.00
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The Definition of Hypoglycaemia Events Prediction Task

A binary classification task was constructed to identify whether at least one episode

of hypoglycaemia (< 70 mg/dL) would occur within a specified future interval.

The prediction was performed over fixed temporal horizons of 2, 4, and 6 hours,

selected to reflect clinically relevant time frames for anticipatory decision-making

in insulin-treated ICU patients. All prediction windows were defined in absolute

time units (hours), rather than in terms of time steps, to ensure comparability

across datasets with different resampling resolutions. Each sample consisted of an

observation window that immediately preceded the prediction window. Observation

windows were set to 2, 6, or 12 hours, depending on the modelling configuration,

and were designed to capture a temporally coherent representation of the patient’s

physiological status and ongoing treatments. A binary label was assigned to each

sample based on the presence or absence of any glucose measurement below the

defined hypoglycaemia threshold during the prediction window. Samples for which

the prediction window extended beyond the available duration of stay in the ICU

were excluded to prevent label leakage. Table 3.10 summarises the number of

positive and negative labels, along with the number of excluded samples, stratified

by prediction horizon and temporal resolution.

Table 3.10: Counts of hypoglycaemia labels at prediction horizons of 2, 4 and 6 hours
for each resampling resolution. ‘Excluded’ rows correspond to the final window of each
stay that lacks sufficient future data.

Res. Horizon No event Event Excluded

0.5 h 2 h 2 047 547 27 958 33 564
4 h 2 002 162 39 779 67 128
6 h 1 957 972 50 405 100 692

1 h 2 h 1 026 754 13 387 16 782
4 h 1 004 006 19 353 33 564
6 h 981 866 24 711 50 346

2 h 2 h 516 730 6 509 8 391
4 h 505 322 9 526 16 782
6 h 494 230 12 227 25 173
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The Definition of Short-acting Insulin Infusion Regimes Task

In this thesis, only short-acting intravenous insulin infusions were considered part

of the action space, reflecting their established role in the management of acute

dysglycaemia in the intensive care setting. Other forms of insulin administration,

including subcutaneous injections, IV boluses, and longer-acting formulations,

were excluded from direct modelling and instead treated as covariates. This

approach mirrors clinical guidance, which recommends regular insulin administered

by continuous variable rate IV infusion for critically ill patients, due to its rapid

onset, short half-life, and simple titration [202–204]. We eliminated 5,356 patients

whose average frequency of short-acting infusion administration was less than

one dose per day, resulting in 3,035 patients remaining as the infusion regime

cohort. IV infusion rates were normalised by patient body weight and subsequently

discretised into empirically derived bins. The categories were designed to reflect

clinically meaningful titration thresholds routinely used in ICU protocols, while also

mitigating the sparsity associated with rare dosage levels. Five mutually exclusive

bins were defined: no infusion (0 units kg−1 h−1), very low (0–0.03), low (0.03–0.07),

medium (0.07–0.1), and high (>0.1), as detailed in Table 3.11.

Table 3.11: Frequency of insulin-dose bins by resampling resolution. Infusion rates are
body-weight–normalised.

Res. Insulin bins (units/kg/h)

0 [0–0.03) [0.03–0.07) [0.07–0.1) [0.1, +∞)

0.5 h 551 253 74 301 75 045 18 995 16 041
1 h 251 011 39 759 37 440 9 284 7 802
2 h 104 432 21 777 18 576 4 485 3 642

Data Stratification and Split

To ensure demographic and clinical diversity across the training, validation and

test partitions, we applied a stratified splitting procedure based on four binary

features: age over 60 years, male sex, body mass index (BMI) above 30 kg/m2, and

the presence of any glucose-related disorder, including type 1 or type 2 diabetes
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or other abnormal glucose diagnoses. These features were combined into a 4-bit

stratification code, yielding up to 16 strata of patients. Patients in each stratum

were randomly assigned to train, validate and test sets in a 70:15:15 ratio, for

both hypoglycaemia prediction and insulin regime tasks. This ensured that all

data from a given patient resided entirely within a single partition, thus preserving

temporal coherence and preventing data leakage. The numerical features were

normalised after splitting, using parameters derived from the training set only.

Then these parameters were applied to the validation and test sets to prevent

information leakage. Three normalisation strategies were evaluated: Min-Max

scaling, z-score normalisation, and robust scaling based on medians and interquartile

ranges, with Min-Max used as default.
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4
DTR-Bench: An in silico Environment

and Benchmark Platform for
Reinforcement Learning Based Dynamic

Treatment Regime
4.1 Introduction

Although integrating reinforcement learning (RL) into dynamic treatment regimes

(DTRs) shows promise, it poses significant evaluation challenges. In particular, the

ethical and safety concerns of the use of RL require that an algorithm be thoroughly

tested in silico before any real-world implementation. This highlights the need for

a rigorous evaluation of RL-based DTRs in simulated environments first to address

the ethical constraints and potential risks associated with directly testing these

adaptive algorithms on patients. Thorough in silico testing is an essential step to

ensure the safety and efficacy of RL-driven personalised medicine approaches. A

commonly used approach is off-policy evaluation (OPE) [205, 206], which evaluates

the performance of an RL algorithm without new data or experiments. However,

OPE’s reliability is compromised by issues such as insufficient data coverage and the

limited availability of samples, which are problems exacerbated by the imbalanced

nature of medical retrospective data. For example, a study [188] raised concerns

about the different evaluation outcomes across OPE methods on the problem

of recommending Sepsis treatment, demonstrating that unbalanced data could
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Figure 4.1: Workflow of the DTR-Bench platform. The platform streamlines 3 steps
of DTR-bench. Step 1 Learning: RL algorithms interact with the environment, capturing
interaction trajectories in a buffer for efficient off-policy learning. Hyperparameters
are tuned using Tree-structured Parzen Estimator (TPE) optimisation [208]. Step 2:
Evaluation: Models are retrained with the optimised hyperparameters using five distinct
seeds, with each model undergoing testing across 5,000 episodes to ensure a fair assessment.
Step 3 Visualisation: The platform facilitates individual and cohort-averaged trajectory
visualisations, supporting intuitive model development and analysis.

increase the variance of the evaluation. The quality of behavioural policy under

imbalanced data is important [207], which further calls for a reconsideration of the

RL evaluation in DTR problems. Therefore, the complexity of real-world testing

and the challenges associated with OPE in healthcare data highlight the broader

difficulties of implementing RL in DTR.

Simulation modelling has emerged as an essential tool in response to the

difficulties of directly testing RL-based DTRs in clinical settings. By leveraging

approaches such as ordinary differential equations (ODEs) and structural causal

models (SCMs), simulations can create rich, detailed DTR scenarios based on

extensive medical knowledge and patient data. Combined with RL algorithms, these

models offer a promising avenue for evaluating the performance of treatment regimes

without exposing patients to risk. This methodology has been applied across various

medical domains, including cancer chemotherapy [209] and chronic conditions

management such as diabetes [210], demonstrating the utility of simulation in

developing and refining DTRs. In addition to mathematical modelling, neural
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networks (NN), including generative adversarial networks, have also been used to

simulate clinical data [211, 212], offering another viable way to create realistic

patient datasets for research. Despite their potential, NN approaches can suffer

from data coverage, learning bias, and out-of-distribution error under medical

data imbalance [213]. This limitation highlights the inherent uncertainty and

associated risks when employing NN approaches as environment simulators for

RL experiments. Although simulation models are an improvement for evaluating

DTRs, the simplified simulations raise valid concerns about whether the model

findings will translate accurately to actual clinical settings. To bridge this gap,

simulations should more closely mimic the nuances of patient conditions, treatment

responses, and outcomes. Mathematical modelling in disease treatment, typically

characterised by ODEs and SCMs, faces inherent limitations: (1) Noise – Traditional

simulation models often overlook noise in observations, a critical aspect of real-

world data; (2) pharmacokinetic/pharmacodynamic (PK/PD) Variance –

Existing models generally use a uniform set of parameters for all patients, neglecting

individual differences. This uniformity raises questions about whether RL algorithms

genuinely understand treatment principles or simply memorise patterns to achieve

high rewards in the simulation environment, as there is no account for individual

variability; (3) Hidden Variables and Missing Values – Real medical data

often includes missing values and inaccessible variables due to clinical decisions

or the invasive nature of data collection.

Addressing these issues is crucial for creating simulations that better reflect the

complexity of real-life healthcare settings. Historically, many studies have overlooked

these important details, resulting in a disconnect between the applicability and

reliability of the simulation results.

Simulation-based Dynamic Treatment Regime and Benchmarks

Simulation-based DTRs allow for controlled testing of RL algorithms in a variety of

healthcare settings without the ethical concerns of direct patient intervention, such

as [214–216]. Simulation-based DTRs benefit from the ability to perform extensive
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Figure 4.2: A summary of RL algorithms and environments in the DTR-
Bench platform. a) DTR-Bench benchmarks discrete-action, continuous-action, and
sequential RL algorithms—across four critical healthcare challenges: chemotherapy,
radiotherapy, sepsis, and Type-1 diabetes management. The platform evaluates these
algorithms rigorously by considering complex factors such as PK/PD modelling, missing
values, and noise in observations and states. b)A radar plot showing the environment
configurations, where ncf means the counterfactual variables, ncf, reward and ncf, dynamics
mean the counterfactual variables affecting the reward function and patient PK/PD
dynamics, respectively. ncf, ncf, reward and ncf, dynamics are with Logarithm

testing across a wide range of hypothetical scenarios. For example, an algorithm

can perform unlimited trial-and-error iterations on a virtual patient, a practice that

is not feasible in real-world scenarios. Despite the extensive benchmarks established

for RL in domains such as games [217, 218] and autonomous driving [219], a

similar benchmark in DTRs has been conspicuously lacking. This gap highlights a

significant need in the field to provide a robust platform that can systematically

evaluate and compare the performance of RL algorithms in complex, dynamic

healthcare settings. We aim to fill this gap by offering a diverse, standardised set

of simulation environments that mimic real-world treatment dynamics and patient

responses, providing a critical tool for advancing RL research in healthcare.

Proposed Framework

Here we introduce DTR-Bench, a growing in silico RL simulation platform developed

specifically to produce more realistic DTR environment simulators. The design of

DTR-Bench is grounded in a commitment to closely replicate the nuanced intricacies
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of healthcare scenarios, providing a robust framework to explore and evaluate RL

algorithms. Figure 4.1 shows the overall design workflow. First, we incorporate

noise in the observations, the PK/PD variance, hidden variables, and the reality

of missing data into our simulation design. This approach aims to enhance the

realism of the simulated environments and, by extension, the validity of evaluating

RL algorithms in these more nuanced and variable settings. Then, we present a

comprehensive benchmarking analysis that leverages the capabilities of DTR-Bench

across four medical simulation environments, including scheduling chemotherapy,

radiotherapy, managing glucose levels in diabetic patients, and formulating sepsis

treatment protocols. Our contributions include: (1) developing a comprehensive

pipeline that integrates practical clinical considerations into simulation experiment

setups; (2) Implementing a collection of mathematical simulation environments for

benchmarking RL algorithms, a first in the field of DTR; (3) Standardising RL

hyperparameter tuning and evaluation within a treatment regime context, offering

a unified and replicable methodology for algorithm evaluation; (4) Establishing the

benchmark in DTRs across various clinical research areas, laying the groundwork

for broad, interdisciplinary applications as a first in the DTR field.

4.2 Simulation Models

In this section, we introduce the key environmental settings critical to developing

more realistic DTR simulations. We aim to bring overly simplified models closer to

real-world medical decision-making processes. We experimented with four critical

components in designing DTR simulators (i.e., hidden variables, PK/PD, noise, and

missing values) and their consequence toward RL performance on various distinct

treatment regime scenarios. We detail the fundamental structure of each DTR

environment and its problem setup in RL terms, including the observation space,

the action space, and the reward design. A summary is shown in Figure 4.2

Our study analyses four simulated medical environments, each targeting a

specific disease and type of treatment. These environments are AhnChemo [220],
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OberstSepsis [221], GhaffariCancer [222], and SimGlucose [223] 1 They have been

chosen for their relevance to different diseases and various treatment approaches,

providing a comprehensive range of scenarios to test the RL algorithms. Table 4.1

summarises each environment’s description. Each environment is carefully designed

to simulate the complexities and dynamics of real-world medical scenarios. They

incorporate varying levels of detail and sophistication in their models, ranging from

ordinary differential equations (ODEs) to structural causal models. This variety

ensures a robust and comprehensive evaluation of RL algorithms across different

healthcare contexts. The details of the design of each simulated environment,

including disease dynamics, observation space, action space, and reward functions,

are described in the following section.

To enhance clarity, we denote the variables associated with the AhnChemo,

GhaffariCancer, OberstSepsis, and SimGlucose environments using superscripts ·(A),

·(G), ·(O), and ·(S), respectively, where ’·’ is a placeholder for variables.

Table 4.1: Summary of Simulated Medical Environments in DTRBench.
Dynamics abbreviates as Dyn.; Cont./Disc. denotes continuous action spaces that can be
discretised.

Attribute AhnChemo GhaffariCancer OberstSepsis SimGlucose

Disease Cancer Cancer Sepsis Type-1 Diabetes

Treatment Chemo. Chemo. Antibiotics Insulin Therapy
Radio. Ventilation

Vasopressors
Dynamics ODE ODE SCM ODE
Action Space Cont./Disc. Cont./Disc. Disc. Cont./Disc.

4.2.1 AhnChemoEnv: A Comprehensive Chemotherapy
Simulation Model

The AhnChemoEnv is an advanced simulation environment designed to model

cellular dynamics under the influence of chemotherapy [220]. Chemotherapy is a

way to treat cancer by using medicine to kill cancer cells. This treatment can stop or
1In the case that the environment is without its original name, we name the environment as

the initial of the first author and context.
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slow down the growth of tumours, but it can also harm healthy cells because it does

not only target cancer cells. The AhnChemoEnv incorporates interactions between

tumour cells, normal cells, immune cells, and factors in the impact of chemotherapy.

Dynamics Formulation: The dynamics in chemotherapy are modelled by

a system of ordinary differential equations (ODEs). The ODEs are based on

established mathematical frameworks and biological assumptions reported in [224].

The immune response, competition terms, and control theory for chemotherapy

are grounded in known biological interactions, including the immune system’s

ability to recognise and fight tumour cells, the competition for resources between

tumour and normal cells, and the dynamics of drug treatment efficacy and toxicity

[225]. The ODEs can be expressed by
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dT (A)

dt
= r

(A)
1 T (A)

(
1− b(A)

1 T (A)
)
− c(A)

2 I(A)T (A) − c(A)
3 T (A)N (A) − a(A)

2 (1− e−B(A))T (A),

dI(A)

dt
= s(A) + ρ(A)I(A)T (A)

α(A) + T (A) − c
(A)
1 I(A)T (A) − c(A)

3 T (A)N (A) − a(A)
1 (1− e−B(A))T (A),

dB(A)

dt
= −d(A)

2 B + u(A)(t)
(4.1)

The first equation simulates normal cell growth and loss due to tumour competition;

the second equation models tumour cell behaviour, including growth and death from

interactions with normal and immune cells; the third equation describes changes

in the immune cell population, influenced by external sources, tumour presence,

competition, and natural death; and the final part focuses on the decay of drug

concentration in the blood and the injection of new drugs. The time unit for this

ODE system is day, and the default time interval between steps is 6 hours.

Variables Description: The variables within the AhnChemoEnv play specific

roles in the simulation. A summary of these variables is provided in Table 4.2.

The observation space O comprises the tumour population T (A)(t), the immune

population I(A)(t), and the drug concentration B(A)(t). The normal cell population

N (A)(t) is hidden as normal cells are not commonly accessible during treatment

or diagnosis. Cell counts have been reduced by a factor of 1011 so that one unit
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represents the carrying capacity of normal cells in the tumour region. It can also

prevent overflow problems due to excessively large values. The agent should control

u(A)(t), the levels of chemotherapy dosage to eliminate tumour cells in a minimum

time with minimal harm to normal cells.

Table 4.2: Variables of the AhnChemoEnv ODE system

Variable Usage Description Unit Range
N (A)(t) S Normal cell population No. cells (×1011) (0, 2)
T (A)(t) O Tumour cell population, rep-

resenting tumour burden
No. cells (×1011) (0, 2)

I(A)(t) O Immune cell population, mea-
suring immune response level

No. cells (×1011) (0, 2)

B(A)(t) O Drug concentration in the
bloodstream

unit/L (0, 1)

u(A)(t) A Chemotherapy drug adminis-
tration rate

unit (0, 1)

Parameters Description: The parameter values of the ODEs system are deter-

mined based on clinical knowledge [225]. Table 4.2 shows the descriptions and values.

Reward Function: The reward R is defined as

r(A)(t) = N (A)(t)
N (A)(0) −

T (A)(t)
T (A)(0) + I(A)(t)− u(A)(t) (4.2)

It is designed to balance several key factors in cancer treatment: it encourages

the increase of normal cells and immune cells, as indicated by the terms N(t)
N(0) and

I(t), respectively. Currently, it aims to reduce the number of tumour cells, as

shown by the negative term − T (t)
T (0) . In addition, the function encourages favourable

outcomes with minimal drug dosage, denoted by −u(t). This aspect underscores

the importance of reducing drug usage to reduce side effects and costs.

4.2.2 GhaffariCancerEnv: A Mixed Radiotherapy and
Chemotherapy Model

The GhaffariCancerEnv represents a comprehensive simulation environment that

models the interactions between normal cells, cancer cells, radiotherapy, and

chemotherapy agents at different sites, incorporating the metastatic spread of cancer

from a primary to a secondary site [222]. It details how radiotherapy, a treatment
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that uses high doses of radiation to eliminate cancer cells and reduce tumour size,

and chemotherapy, which uses drugs to destroy cancer cells by inhibiting their growth

and division, affect the cellular landscape. Additionally, the model accounts for the

time-delayed migration of cancer cells from the primary to the secondary site, adding

a crucial dimension to understanding cancer’s progression and treatment impacts.

Dynamics Formulation: The dynamics of tumour cell growth and the effect

of chemotherapy are determined in studies conducted with mice, in addition to

established clinical insights into immune cell reactions to cancer [226, 227]. The

influence of radiotherapy and the behaviour of cancer metastasis is determined

by mouse data in [222]. The dynamics are formulated in ODEs, which can

be expressed by
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dT
(G)
p

dt
= a

(G)
1 T (G)

p (1− b
(G)
1 T (G)

p )− c
(G)
1 N (G)

p T (G)
p −D(G)

p T (G)
p −D(G)T (G)

p

− α
(G)
1 T (G)

p + γ(G)u(G) −K
(G)
T1

T
(G)
p M (G)

W
(G)
T1 + T

(G)
p

dN
(G)
p

dt
= e

(G)
1 C(G) − p

(G)
1 N (G)

p T (G)
p − f

(G)
1 N (G)

p − ϵ(G)D(G)N (G)
p + γ

(G)
2 v(G)

−K
(G)
1N

(
N

(G)
p M (G)

W
(G)
1N + N

(G)
p

)

dL
(G)
p

dt
= −m(G)L(G)

p + j
(G)
1

T
(G)
p

k
(G)
1 + T

(G)
p

− q
(G)
1 L(G)

p T (G)
p + r

(G)
11 N (G)

p T (G)
p + r

(G)
12 C(G)T (G)

p

− u
(G)
1 N (G)

p L(G)
p

2 − ϵ(G)D(G)L(G)
p + γ

(G)
3 x(G) −K

(G)
1L

(
L

(G)
p M (G)

W
(G)
1L + L

(G)
p

)
dC(G)

dt
= α(G) − β(G)C(G) −K

(G)
1C

(
C(G)M (G)

W
(G)
1C + C(G)

)

dT
(G)
s

dt
= a

(G)
2 T (G)

s (1− b
(G)
2 T (G)

s )− c
(G)
2 N (G)

s T (G)
s −D(G)

s T (G)
s + α

(G)
2 T (G)

p (t− τ (G))

−K
(G)
T

(
T

(G)
s M (G)

W
(G)
2T + T

(G)
s

)
(4.3)
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(G)
s

dt
= e
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2 C(G) − p
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2 N (G)

s T (G)
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W
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)
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1

dt
= µ

(G)
c1 v

(G)
M

(
1− c

(G)
1

k
(G)
c1

)
dc

(G)
2

dt
= µ

(G)
c2 v

(G)
M

(
1− c

(G)
2

k
(G)
c2

)
dM (G)

dt
= −µ

(G)
M + v

(G)
M

du(G)

dt
= D(G)T (G)

p − γ
(G)
1 u(G) − δ(G)u(G)

dv(G)

dt
= ϵ(G)D(G)N (G)

p − γ
(G)
2 v(G) − δ(G)v(G)

dx(G)

dt
= ϵ(G)D(G)L(G)

p − γ
(G)
3 x(G) − δ(G)x(G)

(4.4)

where D(G)
p = d

(G)
1

L
(G)
p

l

s(G)T
(G)
p

l
+L(G)

p

l , D(G)
s = d

(G)
2

L
(G)
s

l

s(G)T
(G)
s

l
+L(G)

s

l and l = 2.09 is

a scalar. The full parameter value table can be found in A.3, A.4 and A.5

in Appendix A.

The ODE system presented in Equation 4.3 describes the complex interactions

within the cancer environment under treatment. Specifically, dT
(G)
p

dt
represents the

dynamics of the tumour cell population at the primary site, accounting for natural

growth, inhibition by natural killer (NK) cells, reduction due to radiotherapy and

chemotherapy, and the effect of metastasis. dN
(G)
p

dt
and dL

(G)
p

dt
model the dynamics

of NK cells and CD8+ T cells at the primary site, respectively, including the

effects of chemotherapy, radiotherapy, and their interactions with tumour cells.
dC(G)

dt
describes the dynamics of lymphocytes, excluding NK cells and CD8+ T

cells. The equations for dT
(G)
s

dt
, dN

(G)
s

dt
, and dL

(G)
s

dt
mirror those at the primary site but

apply to the secondary site, emphasising the role of metastasis. The dynamics of

chemotherapy agent concentration in the blood is modelled by dM(G)

dt
, while du(G)

dt
,

dv(G)

dt
, and dx(G)

dt
capture the populations of cancer cells, NK cells, and CD8+ T



4. DTR-Bench: An in silico Environment and Benchmark Platform for
Reinforcement Learning Based Dynamic Treatment Regime 65

cells exposed to radiation, respectively. Each equation integrates the influence of

treatment modalities, cellular interactions, and the migration of cells between sites

to provide a comprehensive view of the cancer treatment landscape.

Variables Description: The variables of the ODEs system are summarised

in Table 4.3.

Table 4.3: Variables of the GhaffariCancerEnv ODEs system

Variable Usage Description Unit Range
T

(G)
p (t) O The total tumour cell population at the pri-

mary site
cells (0, 1011)

N
(G)
p (t) O The concentration of NK cells per litre of

blood (cells/L) at the primary site
cells / L (0, 1010)

L
(G)
p (t) O The concentration of CD8+ T cells per litre

of blood (cells/L) at the primary site
cells / L (0, 1010)

C(G)(t) O The concentration of lymphocytes per liter of
blood (cells/L), not including NK cells and
active CD8+T

cells / L (0, 1011)

T
(G)
s (t) O The total tumour cell population at the sec-

ondary site
cells (0, 1011)

N
(G)
s (t) O The concentration of NK cells per liter of

blood (cells/L) at the secondary site
cells / L (0, 1010)

L
(G)
s (t) O The concentration of CD8+ T cells per litre

of blood (cells/L) at the secondary site
cells / L (0, 1010)

M (G)(t) S The concentration of chemotherapy agent per
litre of blood (mg/L)

mg/L (0, 1010)

u(G)(t) S The population of cancer cells that have been
exposed to radiation

cells (0, 1011)

v(G)(t) S The population of NK cells that have been
exposed to radiation

cells (0, 1011)

x(G)(t) S The population of CD8+ T cells that have
been exposed to radiation

cells (0, 1011)

D(G) A The radiation dose administered Gy (0, 10)
v

(G)
M (t) A The per-litre blood dosage of chemotherapy

agents
mg/L (0,8)

Parameters Description: The parameter values of the ODEs system are

determined using mouse and human parameters [227]. The description and values

of the parameters are shown in Table 4.3, and Table A.3, A.4, A.5, respectively.

Reward Function: The reward function designed for this environment com-

prises a per-step tumour reduction reward rTghaf
(t) and an outcome reward roghaf

(t).
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rTghaf
(t) is the reward function that encourages the agent to decrease the number

of tumour cells at both the primary and secondary sites. A penalty is imposed if

the total tumour population exceeds the initial population. In contrast, a reward

is given when the agent successfully decreases the tumour population below its

initial level. The reward is given by

r
(G)
T (t) = 1−

T (G)
p (t) + T (G)

s (t)
T

(G)
p (0) + T

(G)
s (0)

(4.5)

r(G)
o (t) is the outcome reward designed to encourage the complete elimination

of tumours and discourage early termination caused by the oversized tumour

population. In particular, +100 is given if the tumour population is 0 at both

the primary and secondary site; -100 is given if any of the tumour population is

higher than 1011 cells/L; and 0 is given otherwise.

r(G)
o (t) =


−100 if T (G)

p (t) > 1011 or T (G)
s (t) > 1011,

+100 if T (G)
p (t) < 1 and T (G)

s (t) < 1,
0 otherwise

(4.6)

The total reward function for this environment is a sum of the previous reward

functions, denoted by r(G)(t) = r
(G)
T (t) + r(G)

o (t).

4.2.3 OberstSepsisEnv: A Sepsis Simulator

OberstSepsisEnv is a synthetic environment designed for the treatment of sepsis,

based on the framework of a Markov Decision Process (MDP) [221]. This

environment incorporates four vital signs: heart rate (H(O)), blood pressure

(B(O)), oxygen concentration (O(O)), and glucose levels (G(O)), each categorised

into discrete states such as low, normal, and high. It offers three treatment

options: antibiotics (a(O)), vasopressors (v(O)), and mechanical ventilation (m(O)),

available for application at each decision point. A critical condition of death is

modelled to occur when at least three vital signs are simultaneously outside the

normal range. In addition, the model includes a binary variable that indicates

the presence of diabetes (D(O)).
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Dynamics Formulation: The dynamics of OberstSepsisEnv is determined

based on the experience of the author [221]. The transition probability for each

variable is shown in Table 4.4. The model intricately details how these treatments,

when turned on or off, influence the transition of vital signs from states such as low

(L), normal (N), high (H), super low (LL), and super high (HH), with respective

probabilities. For instance, antibiotic use impacts heart rate and blood pressure,

while vasopressors have a more complex effect on blood pressure and glucose levels,

particularly distinguishing between diabetic and non-diabetic scenarios. This model

also accounts for natural fluctuations in vital signs, both under the influence of

treatment and oxygenation. A patient is discharged only when all vital signs

have returned to normal and all treatments have been stopped. Death occurs

if 3 or more vitals are abnormal.

Table 4.4: Transition probability of the OberstSepsisEnv

Variable Cur. New Change Effect

a(O)
- on - H(O) H → N w.p. 0.5

B(O) H → N w.p. 0.5

on off withdrawn H(O) N → H w.p. 0.1
B(O) N → H w.p. 0.5

m(O) - on - O(O) L → N w.p. 0.7
on off withdrawn O(O) N → L w.p. 0.1

v(O)

- on -
B(O)

L → N w.p. 0.7 (non-diabetic)
N → H w.p. 0.7 (non-diabetic)

L → N w.p. 0.5 (diabetic)
L → H w.p. 0.4 (diabetic)
N → H w.p. 0.9 (diabetic)

G(O) LL → L, L → N, N → H,
H → HH w.p. 0.5 (diabetic)

on off withdrawn B(O)

N → L w.p. 0.1 (non-diabetic)
H → N w.p. 0.1 (non-diabetic)

N → L w.p. 0.05 (diabetic)
H → N w.p. 0.05 (diabetic)

H(O)

fluct.B(O)

O(O) • fluctuates ±1 w.p. 0.1
G(O) • fluctuates ±1 w.p. 0.3 (diabetic)

Variables Description: The variable descriptions for the OberstSepsisEnv

are shown in Table 4.5
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Table 4.5: Variables of the OberstSepsisEnv ODEs

Variable Usage Description Class
H(O) O Heart rate [Low, Normal, High]
B(O) O Blood pressure [Low, Normal, High]
O(O) O Oxygen concentration [Low, Normal, High]
G(O) O Glucose levels [Super Low, Low, Normal, High,

Super High]
D(O) S The presence of diabetes [diabetic, non-diabetic]
a(O) A Antibiotics [On, Off]
v(O) A Vasopressors [On, Off]
m(O) A Mechanical ventilation [On, Off]

Reward Function: The reward function designed in OberstSepsisEnv is

shown in Equation 4.7.

r(O)(t) =


1 if discharged,
−1 if deceased,
0 otherwise.

(4.7)

A reward of +1 is granted for patient survival, transitioning the system into an

absorbing state that continuously accumulates rewards. In contrast, a penalty of -1

is imposed for patient mortality. For all other outcomes, no reward or penalty is

administered to the agent. This reward structure is designed to encourage the agent

to give treatment toward a discharged state while avoiding the patient’s death.

4.2.4 SimGlucoseEnv: A glucose-insulin simulating envi-
ronment

The SimGlucoseEnv describes the glucose-insulin system considering food intake

[223]. The model connects plasma glucose and insulin concentrations with their

respective fluxes. It simulates how glucose and insulin levels in the bloodstream

are influenced by various processes such as glucose absorption, renal excretion,

insulin fluxes, and insulin degradation.
Dynamics Formulation: The dynamics are determined based on real-world

data from 300 patients, covering a range of metabolic parameters and demographic
characteristics. The dynamics are formulated in ODEs, which are developed
based on computational models that simulate interactions between insulin dosing,
carbohydrate intake, and glucose metabolism as detailed in [228]. The ODEs
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(4.8)

where 
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(S)
p1 − k

(S)
p2 G(S)

p (t)− k
(S)
p3 X(S)L(t)

(4.9)

This ODE system models glucose absorption (Ra(S)(t)) from ingested carbo-

hydrates (CHO(S)(t)), the body’s glucose production (EGP (S)(t)), the dynamics

of insulin (I(S)(t)), and insulin’s impact on glucose utilisation (X(S)(t)) and its

delayed action in the liver (X(S)L(t)). The equations track glucose concentrations in

plasma (G(S)
p (t)) and tissue (G(S)

t (t)), account for renal glucose excretion (E(S)(t)),

and quantify insulin-dependent glucose use (U (S)
id (t)). In addition, the model

delineates the digestion process, distinguishing between the solid (S(S)
sto (t)) and liquid

(Q(S)
sto(t)) carbohydrate states in the stomach before their absorption in the gut

(Q(S)
gut(t)). The model directly correlates dietary intake and insulin administration

with blood glucose levels through these dynamics, offering a sophisticated tool

to simulate glucose–insulin interactions and aiding effective diabetes management

strategies. The criteria for terminating or truncating this environment are as follows:
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termination occurs if the basal plasma glucose level Gp falls below 10 or exceeds

600. If neither condition is met, the environment progresses in 288 steps, which

is equivalent to a 24-hour treatment period. Upon completion of these 288 steps,

the environment is considered truncated.

Variable Description: The variable descriptions for the SimGlucoseEnv are

shown in Table.4.6.

Table 4.6: Variables of the SimGlucoseEnv ODEs

Variable Usage Description Unit Range
G

(S)
p (t) O The amount of glucose in plasma mg/dL (10, 600)

G
(S)
t (t) S The amount of glucose in the tissue mg/dL –

I(S)(t) S The insulin concentration U/day –
X(S)(t) S The insulin action on glucose utilisation – –
X(S)L(t) S The delayed insulin action in the liver – –
S

(S)
sto (t) S The amount of solid carbohydrates in stomach mg –

Q
(S)
sto(t) S The amount of liquid carbohydrates in stom-

ach
mg –

Q
(S)
gut(t) S The amount of liquid carbohydrates in gut mg –

Ra(S)(t) S The rate of glucose absorption in the blood – –
E(S)(t) S The renal excretion of glucose mg/dL –
EGP(S)(t) S The endogenous glucose production (EGP) U/day –
U

(S)
id (t) S The insulin-dependent utilisation takes place

in the remote compartment
– –

CHO(S)(t) S The amount of ingested carbohydrates g (0, 200)
a(S)(t) A The insulin concentration of the insulin pump U/h (0, 30)

Parameters Description: The ODE system is derived from human physio-

logical data, accommodating the creation of 100 virtual adults, 100 adolescents,

and 100 children profiles. Given individual variability among patients, specific

default values for these parameters are not assigned. Instead, the parameters vary

across the simulated individuals to better reflect the diversity found in real-world

populations. A description of the virtual patient variable for adolescents is provided

in Table A.6. The environment includes 10 adolescents, 10 adults, and 10 children,

each with a unique set of dynamic parameters. Full details can be found at [223].

Reward Function: The reward function calculates a numerical reward based

on current and subsequent basal glucose (G(S)
p (t)) levels in plasma and the status of
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the episode. The reward function is defined as r(S)(t) = r
(S)
risk(t) + r

(S)
∆ (t) + r(S)

o (t).

r
(S)
risk is the risk index [229] with a log10 transformation. This reward encourages

the agent to take actions that reduce diabetes-related risks.

r
(S)
risk(t) = − log10

([
1.509

(
ln(G(S)

p (t))1.084 − 5.381
)]2)

(4.10)

r
(S)
∆ is the fluctuation reward, which penalises abrupt fluctuations in basal glucose

levels. This reward discourages actions that lead to significant variations in glucose

levels, promoting a more stable glucose management.

r
(S)
∆ (t) =


0 if ∆G(S)

p (t) < 30,
− 1

30(∆G(S)
p (t)− 30), if 30 ≤ ∆G(S)

p (t) < 60,
−1 if ∆G(S)

p (t) ≥ 60,
(4.11)

where ∆G(S)
p (t) = G(S)

p (t) − G(S)
p (t − 1).

r(S)
o is the reward for the outcome, which is given to encourage the agent to

avoid early termination due to hypoglycaemia or extreme hyperglycaemia (i.e.,

when G(S)
p (t) < 10 or G(S)

p (t) > 600).

r(S)
o (t) =


100 if ∀G(S)

p (1:T ) ∈ [10, 600],
−100 if ∃G(S)

p (t) < 10 or ∃G(S)
p (t) > 600,

0 otherwise.
(4.12)

4.3 Results

This section presents the core attributes of the DTR-Bench platform, followed

by empirical findings from a series of reinforcement learning (RL) experiments

conducted across four simulated clinical environments. The platform has been

designed to enhance the fidelity and rigour of in silico evaluations for Dynamic

Treatment Regimes (DTRs). Preliminary findings suggest that modifications

introduced within DTR-Bench may improve the realism and discriminative capacity

of the RL evaluation pipelines, thus supporting more clinically plausible assessments

of algorithmic performance.
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4.3.1 Overview of Platform Capabilities

DTR-Bench constitutes an open-source testbed developed to standardise and

streamline the evaluation of RL-based DTRs in healthcare. Several key features

are incorporated to address the methodological limitations observed in previous

simulation frameworks. First, the platform has a structured evaluation framework

specifically tailored for RL algorithms. By explicitly modelling key clinical com-

plexities, such as pharmacokinetic and pharmacodynamic variability, unobserved

confounding, data missingness, and stochasticity in treatment responses, DTR-

Bench seeks to approximate the uncertainty and heterogeneity inherent in real-world

care trajectories. Second, the system has been designed for seamless integration

with widely adopted RL interfaces, including Gym [230], Gymnasium [231], and

Tianshou [232]. This compatibility facilitates adoption by the broader RL research

community and enables plug-and-play policy experimentation with minimal friction.

Third, the platform accommodates flexible development workflows, allowing users

to implement novel RL algorithms or extend existing ones with minimal overhead.

In addition, support for automated hyperparameter tuning has been implemented

through native integration with Optuna [233], enabling efficient model calibration

through systematic search strategies. Finally, visualisation utilities are included to

support intuitive inspection of agent behaviours and outcome distributions. These

tools may assist in the quantitative evaluation of policies and the temporal dynamics

within the simulated environments. Taken together, these features position DTR-

Bench as a comprehensive and extensible resource for reproducible development and

evaluation of RL methods tailored to high-stakes dynamic clinical decision-making.

4.3.2 Benchmark Results

We evaluate discrete-action algorithms (DQN, DDQN, DDQN-duel, C51, dSAC),

their sequential variants (rDQN, rDDQN, rDDQN-duel, rC51, discrete-rSAC), and

continuous-action algorithms (DDPG, TD3, SAC) on AhnChemoEnv, Ghaffari-

CancerEnv, OberstSepsisEnv, and SimGlucoseEnv with four settings, shown in

Table 4.7, 4.8, 4.9, and, 4.10, respectively. All results are based on optimised
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Table 4.7: Reward performance of various RL algorithms on AhnChemoEnv
under realist DTR enhancements (p̂, p̂1, p̂2, p̂3). p̂, p̂1, p̂2, p̂3 denote the original,
PK/PD variant, ’PK/PD+noise’ and ’PK/PD+noise+missing’ enhancement, respectively.
Higher is better. The best reward in each column is highlighted in red and the second best
in blue. πb is the strongest baseline policy (random, zero-drug, or max-drug). Notation
and highlighting in the following tables will be the same.

Policy p̂ p̂1 p̂2 p̂3
πb 62.29± 12.62 64.13± 319.24 60.60± 324.14 60.60± 324.14
DQN 214.18± 141.64 129.24± 367.54 95.76± 389.00 126.55± 394.22
DDQN 370.61± 18.36 170.02± 375.16 134.36± 376.11 131.96± 389.68
DDQN-duel 248.59± 66.77 95.04± 349.67 105.22± 344.06 87.44± 354.02
C51 144.30± 90.10 108.05± 344.97 122.53± 377.36 128.05± 386.88
dSAC 114.06± 82.68 137.88± 404.36 124.14± 385.20 132.34± 357.61
rDQN 267.78± 62.65 113.90± 352.34 120.34± 367.73 91.13± 368.63
rDDQN 317.34± 35.24 132.60± 350.05 101.11± 372.60 88.92± 342.95
rC51 242.18± 82.29 36.58± 277.86 64.17± 331.92 73.49± 321.97
drSAC 341.01± 24.63 126.53± 378.35 99.46± 391.72 102.30± 389.97
DDPG 113.28± 55.93 80.95± 327.33 124.67± 376.75 102.50± 349.72
TD3 90.32± 54.04 82.10± 339.29 87.38± 344.40 76.97± 347.48
SAC 151.72± 88.35 89.09± 338.32 115.99± 363.45 108.80± 374.35

Table 4.8: Reward performance on GhaffariCancerEnv under realist DTR
enhancements. Notations are the same as Table 4.7.

Policy p̂ p̂1 p̂2 p̂3
πb −90.78± 2.96 −90.79± 2.67 −90.76± 2.72 −90.76± 2.72
DQN 134.24± 26.45 128.41± 20.04 131.14± 28.43 90.41± 54.10
DDQN 86.94± 89.85 132.76± 34.16 126.40± 18.41 115.26± 32.23
DDQN-duel 129.26± 69.11 130.71± 25.39 125.29± 17.78 113.70± 26.45
C51 160.91± 62.61 136.28± 34.87 139.89± 34.00 121.88± 58.38
dSAC 93.65± 73.98 127.65± 12.29 75.23± 81.40 96.86± 70.69
rDQN 63.66± 85.66 126.53± 13.36 124.89± 16.31 104.80± 55.21
rDDQN 57.40± 87.30 125.09± 20.41 108.64± 43.99 67.04± 72.38
rC51 −82.88± 16.37 −74.74± 22.22 −79.81± 19.60 −83.36± 16.91
drSAC 143.45± 18.09 134.60± 16.05 139.64± 15.34 114.72± 36.64
DDPG −33.52± 84.31 −70.15± 39.87 −29.19± 73.69 −48.61± 76.66
TD3 62.81± 76.83 78.30± 86.14 90.96± 75.44 107.61± 36.77
SAC 127.06± 4.53 127.26± 6.79 124.99± 8.52 124.73± 24.80

hyperparameters. The test results are provided with the ‘mean ± std’ from 25,000

testing episodes in five seeds.

The benchmark results reveal a consistent attenuation in algorithm performance

when introducing realistic DTR complexities, specifically PK/PD variance (p̂1),

observational noise (p̂2), and missing values (p̂3). This downward trend underscores
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Table 4.9: Reward performance on OberstSepsisEnv under realist DTR
enhancements.Notations are the same as Table 4.7.

Policy p̂ p̂1 p̂2 p̂3
πb −0.81± 0.58 −0.82± 0.57 −0.82± 0.58 −0.82± 0.58
DQN 0.15± 0.73 0.12± 0.74 0.08± 0.71 −0.08± 0.46
DDQN 0.17± 0.73 0.15± 0.73 0.09± 0.73 −0.12± 0.57
DDQN-duel 0.16± 0.75 0.16± 0.72 0.09± 0.72 −0.08± 0.52
C51 0.13± 0.72 0.08± 0.64 0.05± 0.65 −0.05± 0.27
dSAC 0.16± 0.71 0.16± 0.72 0.06± 0.65 −0.06± 0.31
rDQN −0.11± 0.77 −0.22± 0.62 −0.19± 0.70 −0.27± 0.53
rDDQN −0.17± 0.74 −0.15± 0.77 −0.17± 0.74 −0.29± 0.53
rC51 −0.68± 0.51 −0.35± 0.48 −0.16± 0.37 −0.43± 0.53
drSAC 0.17± 0.52 −0.04± 0.26 −0.08± 0.30 −0.15± 0.36

Table 4.10: Reward performance on SimGlucoseEnv under realist DTR
enhancements. Notation and highlighting follow Table 4.7.

Policy p̂ p̂1 p̂2 p̂3
πb −187.86± 0.00 −182.86± 45.51 −184.36± 50.76 −184.36± 50.76
DQN 119.08± 34.50 −144.56± 96.74 −160.46± 102.33 −150.80± 102.16
DDQN 105.29± 12.21 −151.88± 95.48 −156.85± 102.14 −152.64± 108.70
DDQN-duel 123.52± 55.72 −157.01± 95.46 −189.87± 105.58 −177.73± 107.16
C51 109.81± 44.57 −153.01± 86.86 −177.68± 86.77 −171.52± 97.87
dSAC −16.28± 107.64 −201.11± 89.80 −179.21± 98.02 −168.73± 102.64
rDQN −7.26± 90.57 −168.98± 91.97 −167.74± 102.03 −167.60± 89.42
rDDQN 114.78± 55.44 −163.81± 89.98 −156.11± 96.02 −156.61± 96.38
rC51 −149.60± 164.17 −195.49± 92.99 −165.10± 98.97 −167.35± 89.13
drSAC 119.10± 60.38 −147.45± 97.24 −151.61± 95.20 −160.24± 96.11
DDPG −304.35± 58.25 −233.84± 77.66 −248.16± 74.88 −248.52± 74.94
TD3 −244.18± 120.52 −233.58± 77.77 −248.63± 75.43 −234.00± 82.20
SAC 170.60± 1.49 −151.57± 94.41 −155.14± 106.24 −152.98± 105.25

the necessity of incorporating such factors to rigorously evaluate the robustness

and adaptability of RL agents in clinical scenarios. Notably, in the SimGlucoseEnv,

no algorithm achieved a positive reward under the PK/PD variant setting (p̂1),

highlighting the substantial difficulty imposed by individualised PK/PD models

across diverse patient demographics (e.g., elderly, adults, children). This variability

emphasizes the acute challenge of generalisation in healthcare RL and the critical

need for personalised algorithmic approaches.

Our analysis indicates a heterogeneous performance landscape where no single

algorithm dominates across all environments and settings. However, discrete-action

algorithms, particularly C51 and dSAC, demonstrate commendable adaptability,
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achieving competitive results in the GhaffariCancerEnv and SimGlucoseEnv. Con-

versely, the hypothesis that incorporating medical history via Recurrent Neural

Networks would universally enhance decision-making is not supported by the data.

The recurrent variants (e.g., rDQN, rC51) do not consistently outperform their

Multilayer Perceptron counterparts. This is most evident in the OberstSepsisEnv,

where MLP-based baselines often surpass recurrent models (e.g., DDQN achieving

0.17 vs. rDDQN at −0.17 in p̂), suggesting that the underlying causal structure

of certain clinical environments may rely less on long-term temporal dependencies

than anticipated.

Generalisation to PK/PD Variance (p̂→ p̂1): Algorithms such as DDQN-

duel and drSAC exhibited notable resilience to patient heterogeneity. In the

GhaffariCancerEnv, DDQN-duel maintained strong performance when transition-

ing from the original (p̂) to the PK/PD variant setting (p̂1). Similarly, drSAC

demonstrated stability across multiple environments, suggesting potential utility in

managing varied treatment effects. However, significant performance drops were

observed in other baselines; for instance, standard DQN and DDQN experienced

sharp declines in the AhnChemoEnv under p̂1, and rC51 performance degraded

severely in SimGlucoseEnv. These results highlight the difficulty standard RL

algorithms face in generalising to unobserved biological parameters without specific

architectural adaptations.

Robustness Against Noise (p̂2): The introduction of observational noise

in setting p̂2 further differentiates algorithmic robustness. C51 demonstrated

superior stability, particularly in the OberstSepsisEnv and GhaffariCancerEnv,

where it maintained high rewards despite stochastic interference. For example, in

GhaffariCancerEnv, C51 achieved the highest performance in p̂2 (139.89±34.00). In

contrast, recurrent baselines such as rDQN and rDDQN appeared more vulnerable

to noise in specific contexts, showing high variance and performance deterioration

in the SimGlucoseEnv. This suggests that while distributional RL (C51) may

inherently buffer against noisy reward signals, sequential models require careful

tuning to prevent overfitting to noisy input trajectories.
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Handling Missing Values (p̂3): The partial observability introduced by

missing values in setting p̂3 presents the most challenging evaluation criterion.

Comparing the transition from the noisy setting (p̂2) to the missing-value set-

ting (p̂3) reveals distinct adaptability profiles. While most models experienced

performance degradation, C51 and dSAC exhibited relative resilience. In the

OberstSepsisEnv, C51 remained the top-performing discrete algorithm in p̂3, and

in GhaffariCancerEnv, it secured the second-best result. Conversely, rDDQN and

rDQN suffered more pronounced drops in environments like OberstSepsisEnv when

data completeness was compromised. It is worth noting that some fluctuations,

such as the slight reward increase for SAC in SimGlucoseEnv between p̂2 and p̂3, are

accompanied by high standard deviations, rendering the improvement statistically

insignificant. Consequently, the selection of algorithms for clinical deployment

must prioritise intrinsic mechanisms capable of handling the sparse and irregular

sampling characteristic of real-world medical data.

4.4 Discussion

Our research delves into the performance of RL algorithms within various DTR

settings, highlighting a notable performance decline when faced with real-world

challenges such as PK/PD variance, noise, and missing data. This highlights

the critical need to better incorporate these practical challenges in evaluating RL

algorithms to reflect their potential effectiveness in real-world healthcare applications.

Through our investigation, we discovered several intriguing findings. Contrary

to expectations, RNN-based models did not consistently outperform their MLP

counterparts. This outcome challenges the assumption that RNNs, with their

capacity to process sequential data, would inherently provide superior performance

in healthcare contexts. Furthermore, some algorithms, particularly C51 and drSAC,

demonstrated remarkable resilience against volatility introduced by PK/PD variance

and noise. These observations suggest that certain algorithmic features may be

better suited to managing the complexities inherent in healthcare data. The study

also acknowledges several limitations that must be considered when interpreting
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the results. As the initial open-source platform and benchmark for RL-based DTR,

DTR-Bench only collected four environments, potentially limiting the external

validity of the diseases we have yet to cover. Furthermore, our focus was limited

to off-policy RL algorithms, and we did not investigate the essential aspect of

safe exploration within treatment regimes.
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5
A Critical Re-examination of

Reinforcement Learning based Dynamic
Treatment Regime

5.1 Introduction

This chapter presents a critical perspective on the effectiveness and necessity of

using reinforcement learning in dynamic treatment regimes. Initially, we highlight

the various policy evaluation methods used in different studies and point out that

their diversity often leads to significant variability in performance among algorithms,

complicating fair comparisons. Furthermore, we compare basic baselines, including

random policies and supervised learning methods, that many existing studies

overlook. We find that RL algorithms can sometimes underperform these simple

baselines, raising concerns about the robustness of evaluation metrics currently in

use. Moving forward, we propose a standardised evaluation framework to assess

the impact of different reward designs, illustrating how changes in reward structure

can significantly alter observed policy performance.

5.2 Diversity and Inconsistency of Policy Eval-
uation

We now consider the issue of policy evaluation, which forms a central component in

assessing the effectiveness of reinforcement learning methods for dynamic treatment

79
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regimes. The setting of offline RL in healthcare presents several challenges that make

policy evaluation particularly difficult: (1) The dataset is fixed and observational,

which means that RL cannot be evaluated by interacting with the environment;

(2) Medical decision-making is complex, as the effects of treatments may not be

immediately apparent and can be influenced by many confounding factors; and (3)

Patients’ responses to treatments are inherently uncertain and variable, making it

difficult to assess the true effectiveness of proposed treatment policies. Compared

to traditional RL settings, these challenges make it harder to evaluate offline RL

algorithms in the context of DTRs.

The recent literature addresses the evaluation challenges in DTR using a range

of policy evaluation techniques. Notable among these are Inverse Probability

Weighting [234], Weighted Importance Sampling [235, 236], the Direct Method

[237, 238], and Doubly Robust [189, 239, 240] estimators. These methods tried

to tackle the confounding variables and create a counterfactual estimation based

on historical data. To standardise the evaluation procedure across all algorithms,

we implement several off-policy evaluation methods, including the doubly robust

estimator, WIS, and several WIS variants. These include WIS with bootstrapping

(WISb, Eq 2.21), WIS with truncation (WISt, Eq 2.23), and a combination of both

techniques (WISbt, Eq 2.24). For the bootstrapped variant, we generate B = 100

bootstrap samples, each with a sample size Nb = N , where N is the size of the

dataset. For truncation, we select a fixed threshold of τ = 1 to reduce the influence

of extreme importance weights. The definitions and exact formulations of these

estimators are provided in Section 2.4.2.

5.3 Reward Design Choices

This section examines how different reward structures influence the performance

and interpretability of reinforcement learning algorithms in dynamic treatment

regimes. The reward function plays a central role in shaping agent behaviour, and

its formulation must reflect both clinical relevance and computational tractability.

However, many studies adopt disparate approaches, which complicates comparison
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and generalisation. One of the first and most widely cited reward formulations

is presented by Komorowski et al. [44], where the reward is defined in a binary

fashion. Intermediate time steps receive a reward of zero, and only the terminal

outcome is considered, with +100 for patient survival and −100 for death. Although

this reduces the complexity of medical trajectories to a single end outcome, it

overlooks important fluctuations in a patient’s physiological state and fails to

capture intermediate risks such as gradual organ deterioration or transient instability.

It also introduces noise into the learning signal, since many factors beyond the

modelled treatments (e.g., comorbidities, infections, or surgical interventions) can

influence survival. In this setting, the model considers only intravenous fluids and

vasopressors, potentially misattributing the outcomes to actions that may have

had limited causal influence. From an RL perspective, this form of sparse and

delayed feedback can exacerbate the credit assignment problem, reduce sampling

efficiency, and increase learning variance.

To address the aforementioned limitations, more recent studies have proposed

using intermediate rewards, which offer denser feedback and allow the agent to

adapt continuously over time. One common approach is to use established clinical

risk scores as proxies for patient stability. For example, the Sequential Organ

Failure Assessment (SOFA) score is often used to quantify the severity of a patient’s

condition in intensive care settings. SOFA captures the function of multiple organ

systems, and changes in this score over time can serve as an indicator of clinical

progression. In some formulations, lactate levels are also incorporated to reflect

tissue hypoxia and metabolic imbalance, both of which are important predictors

of mortality [241]. Let κit denote the SOFA score at time t for patient i, and

vit the lactate level in mmol/L. A typical reward function that combines these

features is defined as follows:

rit = c0 1κi
t=κi

t+1
· 1κi

t+1>0 + c1(κit+1 − κit)

+ c2 tanh(vit+1 − vit) + 1t=Ti
· routcome

(5.1)

where c0 = −0.025, c1 = −0.125, and c2 = −2. The outcome reward routcome

is set to 15 for survivors and -15 for non-survivors. This reward encourages the
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agent to reduce organ failure scores and stabilise lactate dynamics throughout

the patient trajectory.

Another approach implements the National Early Warning Score 2 (NEWS2),

a tool developed for the early detection of clinical deterioration. Unlike SOFA,

which focuses on multi-organ failure in critical care, NEWS2 is used more widely

across healthcare settings to track vital signs and stratify risk. Recent studies

have highlighted its utility in sepsis management [242, 243]. To construct a

reward function based on NEWS2, the score is first normalised to the interval

[0, 1], representing an approximate probability of mortality. This normalisation

provides a consistent signal across patients. The outcome reward is set to -1 for

death and 0 otherwise. The reward is then defined as

rit = −rNEWS2 + 1t=Ti
· routcome (5.2)

This formulation eliminates the need for manual weighting between multiple compo-

nents and centres the agent’s focus on minimising mortality risk at every time step.

5.4 Baselines Comparisons

This section discusses the selection of appropriate baselines for evaluating reinforce-

ment learning methods in dynamic treatment regimes. Upon reviewing the literature

(see Chapter 2), we observed several inconsistencies: a) the use of different baseline

sets across different studies, some lacking state-of-the-art offline RL algorithms; b)

the absence of naive baselines, such as random policy, for essential sanity checks; c)

the omission of supervised learning baselines. Consequently, this section outlines

a set of baselines that we consider appropriate for comparison.

We begin with supervised learning methods, which provide a reference point for

understanding whether the complexity of RL is justified by improved performance.

Comparing RL with simpler SL algorithms helps us to understand whether the

complexities of RL lead to better results. Although offline RL may not always

perfectly match clinicians’ actual decisions, its performance should be close to

real-world outcomes (as indicated by clinicians’ decisions in test data). We employ a
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Long-Short-Term Memory (LSTM) [244] network to minimise cross-entropy loss, a

standard loss function for classification tasks. We also include a set of naive policies,

each constructed using simple heuristics without reference to the patient’s state.

We include random πr, zero-drug πmin, max-drug πmax, and alternating policy πalt.

Although often neglected in RL-DTR research, naive baseline comparison is vital for

two reasons: a) to assess whether naive baselines inadvertently outperform clinicians,

indicating potential flaws in evaluation metrics; b) to establish a lower performance

bound, providing a worst-case scenario benchmark for algorithmic assessment. Each

naive policy generates actions using fixed probability distributions. Since some

actions may be assigned zero probability, we apply a small correction factor ϵ1

to ensure non-zero support across all actions. This correction is compensated

by subtracting a corresponding value ϵ2 from the dominant actions, maintaining

a valid probability distribution. We assume that the action space contains |A|

discrete actions, with a0 and a|A|−1 denoting the minimum and maximum dose

actions, respectively. The exact definitions of the policy are summarised in Table 5.1.

In addition to these baselines, we include a range of well-established offline RL

algorithms. These include DQN, CQL, BCQ, and IQL. The theoretical motivations

of these algorithms are discussed in Section 2.4.1. As the domain of offline RL

rapidly evolves, newer algorithms [245, 246] are emerging as potentially more

advanced alternatives, but are not reviewed here.

5.5 Data and Experiment Setup

We model the dynamic treatment regime problem as a finite-horizon Markov decision

process, as described in Section 2.2. To examine the impact of policy evaluation and

reward design, we conduct experiments using the intravenous fluid and vasopressor

dosage task for sepsis treatment in the intensive care unit, originally introduced by

Komorowski et al. [44]. The dataset is derived from the MIMIC-III database [186],

with details provided in Section 3.1. This section presents empirical results on this

sepsis treatment task, highlighting how evaluation algorithms, reward definitions,

and baselines influence the assessment of reinforcement learning methods. The
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Table 5.1: Naive Baselines Equations for OPE Sanity Check

Policy Equation

Alt Policy πalt(a) =


0.5− ϵ2 if a = a0

0.5− ϵ2 if a = a|A|−1

ϵ1 otherwise

Max Policy πmax(a) =
1− ϵ2 if a = a|A|−1

ϵ1 otherwise

Min Policy πmin(a) =
1− ϵ2 if a = a0

ϵ1 otherwise
Random Policy πr(a) = 1

|A|
Weight Policy πw(a = aj) = pj, for j = 1, 2, ..., |A|

Note: pj denotes the probability of empirical action estimated from the training
data by counting the occurrence of the action.

dataset is divided into training, validation, and test subsets in a 70%–15%–15%

split. In addition to the main results presented below, we provide full experimental

results in Appendix B.2, including performance tables for both outcome-based and

SOFA-based rewards (Tables B.1 and B.2), along with results from 35 additional

subset experiments.

5.5.1 Implementation

For supervised learning models, we implement a supervised learning model using an

LSTM network to estimate the clinician’s policy. This behavioural cloning model is

trained in the training set, and model selection is performed using the validation

set. The objective is to minimise the cross-entropy loss between the predicted and

observed treatment actions over time, formulated as:

LCE(θ) = −E(s,a)∼D log π̂(a|s; θ) (5.3)

Here, θ denotes the model parameters, and a is the action taken by the clinician

at each decision point. The model with the highest patient-level F1 score in the

validation set is selected for evaluation. We prioritise the F1 score over the Area

Under the ROC Curve, as the latter may be misleading under significant class

imbalance. For the RL models, we employ a simplified architecture with a single
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linear output layer. This choice is intended to reduce the influence of model-specific

deep learning tricks and isolate the effect of algorithmic differences. The input

consists of a flattened three-frame temporal window, representing approximately

12 hours of patient history, allowing the model to incorporate short-term clinical

trajectories. A grid search is conducted over a standard set of hyperparameters

shared across all RL algorithms. The key hyperparameters and their respective

values are listed in Table 5.2. Where applicable, algorithm-specific parameters

are also included. The seeds were generated using a standard random number

generation process in Python.

Owner Hyperparameter Values

All

Seed [6311, 6890, 663, 4242, 8376]
learning rate [0.01, 0.001, 0.0001, 0.00001]

batch size 256
n step 1
γ 0.99

BCQ unlikely action threshold [0.3, 0.5]
imitation logits penalty [0.02, 0.1, 0.5]

IQL

actor update frequency [1, 5]
quantile [0.7, 0.9]

β [0.7, 1.0]
τ [0.001]

CQL α [0.1, 0.5, 1.0]

Table 5.2: Summary of Hyperparameters and Their Values. The owner column
shows where the hyperparameter was used. β is the temperature parameter for policy
loss calculation, τ is the coefficient for soft update of target networks, and α is the weight
for the conservative loss.

5.5.2 Overall Comparison Results

We compare naive baselines, supervised learning, and RL (10 policies in total) on

nine metrics with 13 patient groups and three different reward designs, resulting in

17,550 evaluation experiments. In addition to the performance comparison in the

overall test set, we stratified the test set according to clinical outcome and risks,

producing 12 subsets. Due to space limitations, only selected figures and tables

are shown here, with complete results in Appendix B.2.
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To compare the performance across different reward designs and policy evaluation

metrics in a straightforward way, we used a measure called "Number of Wins" (No.

Wins). This measure counts how many times an algorithm outperforms all others.

A win is counted when the algorithm is the best on a metric for a particular group of

patients with a specific reward setting. From our experiments, it is evident that the

best algorithm varies across settings; moreover, although some algorithms achieve

wins under policy evaluation methods such as WIS and DR, they may still behave

unreasonably, i.e., deviating significantly from a doctor’s policy, as indicated by

metrics like RMSE or F1. We summarise the key observations below.

Effectiveness of Naive Baselines: Surprisingly, naive baselines have wins

over RL, SL, and even the doctor returns in the overall test set, as shown in Figure

5.1a and Figure 5.1b. Intuitively, naive baselines should not even win once. Table

5.3 and 5.4 reveal that the weight policy performed better than all RL, SL, and

even the doctor return in the overall test set on WIS and WISt. However, this trend

is inconsistent with the result in Table B.1, where RL algorithms generally surpass

naive baselines. These findings again support our recommendation for including

naive baselines as an easy check on the reliability of OPE methods.

metric alt max min random weight SL

RMSEIV 763.89 861.51 645.83 671.39 645.83 557.81± 9.27
RMSEvaso 0.67 0.89 0.32 0.5 0.59 0.31
WIS −4.58 −4.62 −4.58 −3.84 −3.78 −4.22± 0.41
WISb −5.43 −4.81 −5.76 −4.4 −4.73 −4.62± 0.17
WISt −4.58 −4.62 −4.58 −3.97 −3.78 −4.57± 0.62
WISbt −5.64 −4.69 −5.61 −4.5 −4.5 −4.68± 0.3
DR −0.54 −0.19 −1.55 −0.35 −0.3 −0.36
P.F1 0.2 0.02 0.2 0.2 0.0 0.31± 0.01
S.F1 0.19 0.02 0.19 0.19 0.0 0.3± 0.01
GD -4.39

Table 5.3: Rule-based, random, and supervised learning policies on full test
set under NEWS2 reward. Best and second-best values are highlighted in red and
blue, respectively. Lower is better for RMSE; higher is better for others. This notation
will be consistently applied across this chapter.

RL Performances Across Rewards: We observed significant differences

in how the RL algorithms perform with different rewards. For example, DQN
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metric DQN CQL IQL BCQ

RMSEIV 638.51± 8.63 541.67± 5.74 578.96± 10.06 626.2± 9.56
RMSEvaso 0.44± 0.07 0.3± 0.01 0.31± 0.01 0.31
WIS −3.79± 0.01 −4.1± 1.43 −5.83 −4.58
WISb −3.88± 0.73 −4.48± 0.77 −5.31± 0.06 −5.41± 0.17
WISt −3.84± 0.11 −4.1± 1.43 −5.83 −4.58
WISbt −3.87± 0.67 −4.38± 0.98 −5.27± 0.05 −5.55± 0.19
DR −0.14± 0.04 −0.71± 0.05 −0.51± 0.04 −1.54± 0.01
P.F1 0.06± 0.02 0.33± 0.01 0.34± 0.01 0.23± 0.01
S.F1 0.06± 0.02 0.32± 0.01 0.33± 0.01 0.22± 0.01
GD -4.39

Table 5.4: RL policies on full test set under NEWS2 reward.

won the most in the NEWS2 reward, while CQL won the most on the outcome

reward (see Figure 5.1b). However, in the SOFA reward, all RL policies won

less than SL, making it difficult to identify a consistently performing superior

algorithm across various reward settings.

RL vs SL: When RL models outperform SL on OPE metrics, it is reasonable

to anticipate that RL should also demonstrate comparable performance to SL on

supervised learning metrics. However, our findings present a more complex scenario.

There are instances where RL’s superiority in OPE metrics does not translate to

better performance like RMSE or F1 score (see Table 5.4’s DQN column), while

we also observe the opposite cases (see Table 5.4’s CQL column, WIS, WISb and

WISt rows). This discrepancy raises critical questions about the effectiveness and

reliability of OPE methods in evaluating RL models.
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NEWS2 Outcome SOFA
Reward

0

1

2

3

4

No
. W

in
s

No. Wins per Reward Setting
Policy

BCQ
CQL
DQN
IQL
SL
alt
max
min
random
weight
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Figure 5.1: Number of wins for each policy in the (overall) test set. Wins are
calculated based on the mean performance of 5 random seeds. Alt, min, max, random,
and weight policies are naive baselines. This denotation applies to all the following figures.
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under the three respective reward settings.

Figure 5.2: A summed number of wins across patient subgroups stratified by
mortality risk rate of change. This figure presents the cumulative performance of
each algorithm, measured by the No. win across 12 stratified subsets derived from the
test set. Wins are calculated for each algorithm within each subset across all metrics
and subsequently aggregated to reflect overall performance. This approach allows for an
assessment of the average algorithmic efficacy in various subgroups of patients, stratified
by changes in mortality risk.

Comparison of DR and IS: Our analysis indicated that DR either overesti-

mates or underestimates IS (see Table 5.4, and Table B.1, B.2 in the appendix, and

compare the DR row with other importance sampling rows.), subject to the reward

setting. Instead of being doubly robust, our experiments suggest that estimators

in DR tend to dual ‘unrobust’ due to behavioural and value approximation error

(more details are provided in Section 5.6.) This finding calls for a reassessment of

the robustness claims of DR methods in healthcare contexts.

RL outperforms SL on particular patient cohorts: We also found RL

outperforms SL on both OPE metrics and supervised learning metrics for specific

subgroups of patients. A notable illustration can be seen in Table 5.6 and 5.5,

particularly when comparing the performance of SL with CQL. In this comparison,

CQL outperforms SL across nearly all metrics and achieves similar results to SL

in the DR metric. This finding highlights RL’s capacity to develop more effective

treatment strategies than SL for certain patient groups, demonstrating its potential

for individualised treatment solutions.
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metric alt max min random weight SL

RMSEIV 788.91 880.8 756.41 774.78 749.58 637.22± 10.04
RMSEvaso 0.54 0.85 0.27 0.47 0.56 0.25
WIS −3.23 −3.51 −3.44 −3.14 −3.38 −3.01± 0.07
WISb −3.33 −3.49 −3.41 −3.23 −3.4 −2.89± 0.06
WISt −3.23 −3.51 −3.44 −3.14 −3.38 −3.01± 0.07
WISbt −3.29 −3.47 −3.42 −3.21 −3.41 −2.93± 0.05
DR −0.26 −0.05 −1.46 −0.39 −0.46 −0.41± 0.02
P.F1 0.25 0.02 0.25 0.25 0.0 0.31± 0.01
S.F1 0.24 0.02 0.24 0.24 0.0 0.29± 0.01
GD -3.41

Table 5.5: Rule-based, random, and SL policy performance on NEWS2
subgroup (rate [−∞,−0.4] high variance).

metric DQN CQL IQL BCQ

RMSEIV 734.32± 11.14 609.62± 11.74 645.67± 6.1 719.77± 12.57
RMSEvaso 0.4± 0.07 0.26± 0.01 0.25± 0.01 0.26
WIS −2.85± 0.72 −1.9± 0.36 −2.98± 0.13 −3.44
WISb −2.85± 0.5 −2.09± 0.19 −2.84± 0.02 −3.34± 0.02
WISt −2.85± 0.72 −1.9± 0.36 −2.98± 0.13 −3.44
WISbt −2.81± 0.49 −2.1± 0.24 −2.86± 0.05 −3.34± 0.05
DR −0.13± 0.09 −0.48± 0.13 −0.43± 0.02 −1.27± 0.03
P.F1 0.07± 0.02 0.33± 0.02 0.34± 0.02 0.27± 0.01
S.F1 0.07± 0.02 0.31± 0.02 0.33± 0.02 0.25
GD -3.41

Table 5.6: RL policies on NEWS2 subgroup (rate [−∞,−0.4] high variance).

5.6 Understanding the Variance of Policy Eval-
uation

This section aims to offer an in-depth study of the causes of variance in policy

evaluation (or at least a portion of these causes). Intuitively, the evaluation of the

policy can be unreliable when the behavioural policy or the target value function

does not approximate well with the real one. We illustrate this point of view

by visualising the inference probability/value of the behavioural (π̂D)/value (Q̂π)

estimators against their sample losses.



90 5.6. Understanding the Variance of Policy Evaluation

1012 × 100 3 × 100 4 × 100 6 × 100

Cross Entropy Loss

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

Be
ha

vi
or

 P
ro

ba
bi

lit
y

0

10

20

30

40

50

60

Co
un

t i
n 

Bi
n

(a) π̂D

0 20 40 60 80 100

L1 Loss
60

40

20

0

20

40

60

80

Q 
Va

lu
e 

Es
tim

at
es

0

20

40

60

80

100

120

140

Co
un

t i
n 

Bi
n

(b) Q̂π, outcome reward

2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0

L1 Loss

15

10

5

0

5

10

15

Q 
Va

lu
e 

Es
tim

at
es

0

20

40

60

80

100

120

140

Co
un

t i
n 

Bi
n

(c) Q̂π, SOFA reward

0.6 0.8 1.0 1.2 1.4 1.6 1.8

L1 Loss

0.35

0.30

0.25

0.20

0.15

0.10

0.05

0.00

0.05
Q 

Va
lu

e 
Es

tim
at

es

0

20

40

60

80

Co
un

t i
n 

Bi
n

(d) Q̂π, NEWS2 reward

Figure 5.3: behavioural and value estimators versus their losses on the testing
set. The count in each bin is indicated by a colour bar, transitioning from blue to red as
the number increases. (a) depicts the behavioural loss (samples with a cross-entropy loss
> 90th percentile ) versus the inference probability. (b), (c), and (d) show the direct
method estimator loss (samples with L1 loss >90th percentile) on the outcome, SOFA,
and NEWS2 reward, respectively.

5.6.1 Variance from Behavioural Policy

A common assumption in the OPE literature is that a supervised learning be-

havioural policy can closely approximate the clinician’s policy, i.e., π̂D ≃ πD.

This assumption was challenged within the DTR setting by analysing testing

samples with substantial loss, as illustrated in Figure 5.3. The variance in π̂D

may be interpreted through two critical observations. First, trajectories with

small behaviour probabilities tend to dominate importance sampling. Importance

sampling assigns greater weight to trajectories with large importance ratios, which

typically arise when the behavioural policy assigns very low probability to the
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observed actions. As a result, it becomes particularly important for π̂D to accurately

model these small probabilities, since errors in this region can disproportionately

distort OPE estimates. Second, there appears to be a negative correlation between

inference probabilities and prediction errors. Specifically, actions associated with

smaller probabilities, those that contribute the most to importance sampling, often

correspond to a higher loss, indicating a larger divergence between the predicted

and true policies (see Figure 5.3a).

5.6.2 Variance from Value Function

The quality of the estimated value function Q̂π is highly sensitive to the reward

specification. This dependency gives rise to inconsistent results in DR-based

policy evaluation, as discussed in Section 5.5.2. Figures 5.3b, 5.3c, and 5.3d

illustrate this effect across three distinct reward functions. In particular, large

estimation errors tend to cluster around high Q values, particularly for the outcome

reward (ralive/death = ±100) and the SOFA reward (ralive/death = ±15), as shown in

Figures 5.3(b) and (c), respectively. This suggests that the value estimator may

not capture the terminal rewards that fully reflect patient survival. In contrast,

the NEWS2 reward does not exhibit this concentration of errors, likely due to

its smoother formulation, which ranges from -1 (death) to 0 (otherwise). These

observations further support our position that RL-DTR methods warrant careful

re-examination. In particular, the findings underscore that reward design is crucial

not only for maintaining clinical relevance but also for enabling stable and accurate

learning of value functions used in off-policy evaluation.

5.6.3 A Closer Look at the Behavioural Model and Value
Estimation Error

To better understand the sources of estimation error in both the behavioural policy

and the value function, we conduct a more granular analysis of their respective loss

patterns across the training and validation sets. Figures B.1 and B.2 in Appendix B

illustrate the correlation between the behavioural cloning loss and the inferred action
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probability for π̂D, and between the value approximation loss and the estimated

state-action value from Q̂π. These patterns complement the findings reported in

Section 5.6, and suggest that the observed relationships are not confined to the

test set alone, but are also evident in the training and validation sets, and remain

consistent across different reward formulations. It is important to note that the

observed errors in π̂D and Q̂π are unlikely to be the result of poor model fitting.

The behavioural model π̂D achieves a robust F1 score of 0.7 on both the OPE

training set and the validation set.1 Similarly, the selected value function Q̂π is

chosen based on its ability to minimise temporal-difference error. Further insight is

provided in Figure 5.4, which visualises the loss distributions for both models. The

behavioural policy demonstrates generally low loss across most samples, although a

minority exhibit substantially higher values. In contrast, the loss distributions for

the value functions differ markedly depending on the reward type. For both the

Outcome and SOFA rewards, the distributions form prominent Gaussian-shaped

peaks centred near 100 and 15, respectively. These values correspond to their

respective terminal rewards (±100 for Outcome; ±15 for SOFA), suggesting that

large prediction errors are concentrated around end-of-trajectory events. This may

indicate a mismatch between intermediate value estimates and abrupt terminal

feedback. In comparison, the NEWS2 reward exhibits a smoother distribution,

likely attributable to its gradual reward structure (ranging from 0 to −1), which

appears to mitigate such sharp discontinuities.

5.6.4 Investigating Model Calibration for Behavioural Model

Model calibration refines a model’s predictive probabilities to match the actual

likelihoods of outcomes, thereby ensuring that the model’s confidence accurately

reflects its empirical accuracy. We investigated the influence of model calibration

on behaviour policy and performance change in OPE. The temperature scale

[247] was used as the model calibrator. Temperature scaling is a post-processing
1The term “OPE training set” here refers to the union of the original training and test sets.

The validation set retains its conventional definition. This adjustment in terminology aligns with
standard RL practice, which decouples evaluation from initial data splits.
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Figure 5.4: Loss histograms on different reward settings. a), b), c) π̂D cross-
entropy loss histogram on training, validation and test set. d), e), f) Q̂π L1 loss histogram
on Outcome reward, g), h), i), Q̂π L1 loss histogram on SOFA reward,j), k), l) Q̂π L1
loss histogram on NEWS2 reward.

technique that adjusts the model’s predicted probabilities to match the observed

probabilities better, thereby (potentially) improving the model’s calibration. We

present the implementation details, OPE results, and a visual comparison between

the calibrated and uncalibrated models. Formally, let f(x) represent the logits

output by a neural network for a given input x, and let P (y|x) denote the predicted

probability distribution over classes y, obtained by applying the softmax function.

Temperature scaling introduces a temperature parameter T > 0 to adjust this

distribution as follows:

PT (y|x) = softmax
(
f(x)
T

)
(5.4)
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Figure 5.5: Comparison of output probability between calibrated and
uncalibrated π̂D on the training, validation and test set. The plot shows histograms
of output probability and the number of counts in the dataset with a logarithm scale
on the y-axis for training, validation and test set, respectively. It is observed that the
frequencies of extreme probabilities (i.e., probabilities near 0 and 1) are higher after
calibration.

Here, the softmax function is defined as softmax(zi) = ezi∑
j
ezj for logits zi, where

the summation in the denominator spans all class logits for the instance. The

temperature T serves to "soften" (T > 1) or "sharpen" (T < 1) the probability

distribution, with T = 1 leaving the original predictions unchanged. The optimal

value of T is typically determined through a calibration process in the validation

dataset, to minimise a calibration-specific loss function. Here, we choose the Negative

Log Likelihood. We search hyperparameters to determine the best-calibrated model

using a learning rate grid [0.1, 0.05, 0.02, 0.01, 0.001, 0.0005, 0.0001, 0.00005, 0.00001]

and a batch size of 512.

Figure 5.5 shows the probability distribution before and after calibration. It

can be seen that more probabilities are distributed near 0 and 1 after calibration.

As discussed in Section 5.6.1, importance sampling gives small probabilities more

weight, and small probabilities can lead to extremely high losses, indicating that

calibration may increase the variance of OPE in this case. To further illustrate this

point, we plotted the importance ratio (i.e., ρi1:Ti
= ∏Ti

t=1
π(ai

t|si
t)

πD(ai
t|si

t)) of the random

policy πr in Figure 5.6. The large ratios became even larger after calibration, which

implies that model calibration may increase the variance of the OPE and should

be applied with caution. An additional 14 figures are reported for the comparison

of the baseline ratio in Appendix B.3.

To further investigate the impact of model calibration on OPE, we ran OPE for

all naive baselines using the calibrated behaviour policy. The results are presented



5. A Critical Re-examination of Reinforcement Learning based Dynamic Treatment
Regime 95

Al
l

Gr
ou

p 
1

Gr
ou

p 
2

Gr
ou

p 
3

Gr
ou

p 
4

Gr
ou

p 
5

Gr
ou

p 
6

Gr
ou

p 
7

Gr
ou

p 
8

Gr
ou

p 
9

Gr
ou

p 
10

Gr
ou

p 
11

Gr
ou

p 
12

Patient Cohort

100

101

102

103

104

105

106

107

Im
po

rta
nc

e 
Ra

tio
 >

99
th

 p
er

ce
nt

ile type
uncalibrated
calibrated

Figure 5.6: Importance ratio histogram of random policy > 99th percentile.
The horizontal axis includes different datasets, where ’All’ means the test set and the
rest are NEWS2 risk-stratified subsets, indexed by the ascending order of NEWS2 change
rate. The calibrated model contains more extremely large ratios > 99th percentile. Only
ratio outliers (i.e., > 99th percentile) are plotted for visualisation convenience. To view
the other 14 ratio plots for 5 baseline policies in 3 different reward settings, please see
Appendix B.3.

Policy Outcome Reward SOFA Reward NEWS2 Reward
WIS WISb WISt WISbt DR WIS WISb WISt WISbt DR WIS WISb WISt WISbt DR

alt 84.29 79.54 84.29 72.97 -0.68 13.34 12.28 13.34 11.42 -0.54 -4.57 -5.63 -4.57 -5.43 -0.56
max -90.47 -74.67 -90.47 -77.09 -0.38 -9.44 -10.03 -9.44 -9.53 -0.30 -4.60 -4.85 -4.60 -4.63 -0.21
min 84.29 84.29 84.29 84.24 -0.91 13.34 12.86 13.34 12.93 -0.73 -4.57 -5.59 -4.57 -5.56 -1.49

random 86.00 85.48 84.30 82.87 -0.58 14.33 13.35 10.26 11.86 -0.41 -4.47 -4.77 -5.82 -5.09 -0.39
weight 86.87 63.98 86.87 57.87 -0.50 16.43 11.24 16.43 9.96 -0.38 -3.78 -4.53 -3.78 -4.61 -0.35

GD 61.54 9.47 -4.39

Table 5.7: Comparison of evaluation metrics across policies under three reward definitions.
Bold indicates the best value within each metric column.

in Tables 5.7. Since we do not have access to the ground truth reward estimates

for the naive baselines, we use the criterion ‘higher than GD’ as a sanity check: If

a naive baseline can surpass the performance of clinicians according to the OPE

results, it suggests that the OPE method may not be reliable. This is because we

expect clinicians who have extensive domain knowledge to generally outperform

naive baselines. The results of Table 5.7 show that some naive baselines can still

surpass clinical experts, regardless of the reward design.

5.7 Discussion on Considering RL for DTR

Building on our main findings from the previous sections, we outline here several prac-

tical considerations that are crucial when conducting experiments in RL for DTR.

SL as a baseline: Including SL as a baseline is crucial to evaluate whether RL
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Figure 5.7: Comparison of output probability between calibrated and uncalibrated
π̂D. The plot displays histograms of output probability and the number of counts in the
dataset, with a logarithmic scale on the y-axis for the 12 stratified patient groups. Here,
’low var’ and ’high var’ refer to low and high variations in NEWS2 scores, respectively.

can outperform a supervised approach using both OPE and supervised learning met-

rics. Although comparing RL to SL is standard practice in the offline RL community,

it may not be common knowledge to a broader audience. Therefore, we emphasise

the importance of including SL as a baseline when assessing RL performance.

Benchmarking against simplicity: Naive baselines provide a clear and

straightforward benchmark that any advanced model should surpass to justify its

complexity. According to our experiments, these simple strategies can surprisingly

outperform complex RL models under certain conditions. This highlights the

importance of including these simple strategies for sanity checks.

Data stratification towards equitable DTR: Data stratification reveals

the effectiveness of a policy in different subgroups of patients and helps identify
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learning bias in treatment, ensuring equitable healthcare outcomes among patient

populations. A comparative analysis of Figure 5.1 and Figure 5.2 supports this

insight: On the one hand, algorithms that excel in the overall test set may not

necessarily maintain their superiority in stratified patient groups. On the other

hand, RL has the potential to derive improved policies from sub-optimal offline

data, and its effectiveness may be particularly pronounced in specific patient

groups. Stratifying data by groups of patients can be a valuable strategy to quickly

pinpoint where RL provides the most benefit. This targeted approach not only

facilitates the identification of these advantages, but also allows detailed examination

and validation by medical experts. Such a nuanced analysis could lead to more

personalised and effective treatment strategies, demonstrating the true potential

of RL in healthcare. Our study used episodic stratification based on the rate of

change in NEWS2 scores. However, alternative stratification approaches, such as

initial state stratification, could also be considered for future research.

Alternative OPE methods: Recent studies have introduced more advanced

methods to quantify the dispersion or variance of OPE [248–250] and to avoid

overfitting the importance-weighted return as an RL agent [251]. Although these

methods provide valuable insights into RL treatment decisions and are encouraged

to be used in future RL-DTR works, they do not eliminate the impact of variance

or reduce the variance of policy evaluation. This highlights the need to develop

OPE methods specifically tailored to DTR. Another category of OPE methods,

which were proposed for resolving some theoretical challenges, such as convergence

or stability, can also be adapted for use in DTR environments. This group includes

algorithms such as least squared TD [252], emphatic TD [253], gradient TD

[254], and accelerated TD [255, 256]. These methods present opportunities for

further investigation and development.

Behavioural model selection and calibration: Previous work by Raghu

et al. [207] suggests that judicious selection and calibration of the behavioural model

can help mitigate the variance in OPE. However, our experiments indicated that

the effectiveness of the calibration may not be universal. We suggest exploring
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a spectrum of models and calibration techniques to identify the most suitable

approach for the specific DTR setting.

5.8 Conclusion

Our work critically examines the application of offline RL algorithms in DTRs,

focusing on three key aspects: diversity in policy evaluation methods, variability

in reward definitions, and the absence of informative baselines. We show that the

comparative performance of RL algorithms can vary significantly depending on these

three factors through extensive empirical analysis using the medical sepsis dataset.

In addition, we offer practical suggestions to guide future research in this field.

Moving forward, it is essential to address these complexities with a more structured

and standardised approach to fully realise the benefits of RL in DTRs. Through this

critical analysis, we offer several concrete considerations to enhance the scientific

rigour and practical utility of RL in healthcare settings. These include the need

to use supervised learning as a baseline, the inclusion of naive policies for sanity

checks, the use of stratified evaluations to promote equitable treatment outcomes,

and the caution required when calibrating behavioural models. Finally, we call

for the development of offline policy evaluation techniques specifically adapted

to the context of DTR, with better robustness to small-probability artefacts and

improved interpretability for clinical stakeholders.
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Towards Safer Insulin Dosing in the ICU:

Hypoglycaemia Prediction and Offline
Short-Acting Insulin Optimisation

6.1 Introduction

Maintaining blood glucose levels within a clinically safe range, typically between 70

and 180 mg/dL, remains a persistent challenge in intensive care units. Dysglycaemia,

which encompasses both hyperglycaemia and hypoglycaemia, continues to complicate

ICU care, with approximately 40% of critically ill patients experiencing significant

hyperglycaemia and roughly 12% experiencing severe hypoglycaemia under insulin

treatment [257, 258]. Both extremes are strongly associated with adverse clinical

outcomes, including increased mortality, infection rates, renal impairment, and

prolonged mechanical ventilation [259]. Existing clinical insulin dosing protocols,

such as sliding-scale approaches inspired by the Yale protocol [260], offer simplicity

and rapid applicability at the bedside. However, they often fail to respond to the

rapidly evolving physiological dynamics common in critically ill patients. Metabolic

fluctuations driven by nutritional variability, vasopressor infusions, corticosteroids,

and organ dysfunction further complicate the efficacy of static insulin protocols,

highlighting the need for dynamic and personalised insulin dosing strategies.

Recent advances in electronic health records and machine learning have created

opportunities to develop personalised glycaemic control systems using routinely

available clinical data [261, 262]. However, existing predictive and control-focused

99
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studies often have limited generalisability due to their reliance on continuous glucose

monitoring devices, limited patient cohorts[263], or narrowly defined input covariates.

To date, no publicly available ICU dataset integrates detailed glucose trajectories

with concurrent nutrition data, pharmacological interventions, and vital signs at

a high temporal resolution, thus limiting the practical application of ML-based

glucose management approaches in general ICU practice.

To address the aforementioned limitations, we curate and release an extensive

cohort of 8,472 admissions to the adult ICU of the MIMIC-III database. This

dataset uniquely integrates glucose measurements at the bedside, minute-resolved

short-acting, intermediate, and long-acting insulin infusions, enteral and parenteral

nutritional inputs, prescriptions and input in the ICU, and high-frequency vital signs

and laboratory results. To our knowledge, this represents the first openly available

ICU glycaemic control dataset that fully integrates nutritional, medication, and

physiological data at such a granular level. Using this rich clinical dataset, we define

two complementary glucose management tasks. The first focuses on hypoglycaemia

prediction, and the second addresses short-acting insulin dosing recommendations

in the presence of other concurrent insulin therapies. For the prediction task, we

benchmark nine machine learning models, including logistic regression, ensemble

methods, recurrent neural networks, and transformer architectures. Moving from risk

prediction to treatment planning, we frame the second task as insulin titration via

offline RL. We have evaluated six RL algorithms, DQN, BCQ, CQL, IQL, QRDQN,

and dSAC, using a reward function derived from the Blood Glucose Risk Index. To

enable conservative and robust evaluation, we proposed an ensemble bootstrapped

weighted importance sampling framework that better captures estimator variability

and guards against overestimation. Preliminary results suggest that conservative

RL agents, particularly CQL and IQL, can approximate the performance of

clinician policies while also showing safer dosing profiles under high-confidence

off-policy estimates.
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6.2 Methods

6.2.1 Data Curation and Preprocessing

A retrospective cohort was constructed from the MIMIC-III database, comprising

8,472 ICU stays derived from 7,086 adult patients. The inclusion criteria require

patients to be 18 years or older, to stay in the ICU for a minimum of 24 hours, to have

an average of at least four glucose measurements per day, and to have documented

short-acting insulin administration. Records indicating pregnancy, malignancy,

implausible anthropometric values (height <1 m or >3 m; weight <30 kg or >300 kg),

or missing essential demographic data were excluded. After integrating physiological,

laboratory, nutritional, and treatment variables into a uniform temporal resolution,

each patient record was represented by a 12-hour sliding window, encapsulating

relevant clinical features and associated outcome or treatment labels.

Clinical data were integrated from multiple structured tables, capturing a

wide range of physiological, biochemical, and therapeutic variables. In total, 49

covariates were selected, including vital signs, laboratory test results, nutritional

input, vasoactive medications, and insulin doses administered through various

routes. Where applicable, continuous infusions were time-weighted over their

duration, while discrete interventions and categorical indicators were forward-filled

within the observation window. Residual missing values were imputed by the last

observation carried forward or by median imputation using training set statistics

when preceding data were unavailable. The dataset was randomly partitioned into

training (70%), validation (15%), and test (15%) sets, stratified by age, sex, obesity,

and diagnosis of diabetes, to preserve the heterogeneity of the population across

segments. Full curation details can be found in Section 3.2, Chapter 3.

6.2.2 Clinical Prediction Tasks on Hypoglycaemia and In-
sulin Dose

We investigated the two glucose management tasks using a shared temporal input

representation: (1) binary classification of future hypoglycaemia events, defined

as any glucose measurement falling below 70 mg/dL within the next six hours;
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and (2) Modelling of short-acting insulin infusion decisions using both supervised

and reinforcement learning approaches. In the following subsections, we provide

a detailed description of each task.

Hypoglycaemia Event Prediction For hypoglycaemia prediction, binary

labels were assigned based on the forward inspection of glucose trajectories. The

prediction timestamp was aligned with the current hour, using a 12-hour look-back

window as input. All models were trained using binary cross-entropy loss. We

benchmark nine predictive models: logistic regression (LR), random forest (RF),

gradient-boosted trees (XGB), multilayer perceptrons (MLP), one-dimensional

convolutional networks (CNN1D), gated recurrent units (GRU), long short-term

memory networks (LSTM), Transformer architectures [264], and RETAIN [265].

To ensure a fair comparison, all models receive identically preprocessed inputs.

Non-sequential models operate on flattened vector representations, while temporal

models utilise the full input sequence. More details on architectures and training

are provided in Supplementary C.2.

Reinforcement Learning for Short-Acting Insulin Infusion We define

insulin titration as a Markov decision process (MDP), with the intention of learning

optimal short-acting insulin doses based on retrospective patient data. At each

decision point, agents select one of five discrete insulin dosage bands derived

from weight-normalised infusion rates: 0, (0, 0.03), [0.03, 0.07), [0.07, 0.1), and

≥0.1U/kg/h. The state space is defined by the same temporal input used in the

hypoglycaemia prediction task. The reward function is derived from the Blood

Glucose Risk Index (BGRI) proposed by Kovatchev et al. [266], which penalises

deviations from normoglycaemia in a clinically meaningful way. Given a glucose

reading gt (in mg/dL), the BGRI is calculated as

BGRIt = 10
[
1.509 (log gt)1.084 − 5.381

]2
. (6.1)

To better align with clinical safety priorities, a shifted and clipped transformation

is applied to yield the learning reward as

rt = 0.01 · (−min(400,BGRIt) + 77) . (6.2)
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This formulation ensured that glucose values within the target range of 70–180

mg/dL yielded positive rewards, and hypoglycemic episodes are heavily penalised.

Six offline DTR algorithms are considered: Behavioural Cloning (i.e., supervised

learning mimicking doctors’ policy), DQN[267], CQL[34], BCQ[268] and the two

algorithms, i.e., dSAC and C51, which achieved the best performance on the

simulated insulin administration task in Chapter 4. In this paper, we adopted

an improved version of C51, distributional reinforcement learning with quantile

regression (QRDQN) [269]. The detailed description of each algorithm can be found

in Section 2.4.1 of Chapter 2. Hyperparameters and optimisation details for each

RL algorithm are included in the Supplementary C.2.

6.2.3 Behavioural Model Calibration

As discussed in Chapter 5, proper model calibration is critical for reliable off-policy

evaluation (OPE), particularly when policy selection relies on importance-weighted

estimates sensitive to predicted action probabilities. Miscalibrated behaviour

policies, especially those that are overconfident in high-frequency action classes or

underconfident in rarely chosen actions, can lead to biased and high-variance OPE

estimates. To address these issues, we extend the temperature scaling technique

introduced in Section 5.6.4 of Chapter 5 to a class-wise variant, enabling class-specific

adjustment of the softmax confidence scores produced by behavioural cloning (BC)

policies. Unlike global temperature scaling, which applies a single scalar temperature

T > 0 uniformly to all logits, class-wise temperature scaling (CTS) introduces a

vector of independent temperature parameters T = [T1, . . . , T|A|], one for each of the

|A| discrete insulin dose classes. This allows the model to adjust confidence levels

for each action independently, thus improving calibration in long-tailed clinical

data, where some classes are underrepresented.

Formally, given a BC model that outputs uncalibrated logits z = fθ(o) ∈ R|A|,

the CTS-calibrated action probabilities are given by:

p̂k(x; T) = exp (zk/Tk)∑|A|
j=1 exp (zj/Tj)

, for each k ∈ {1, . . . , |A|}. (6.3)
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The temperatures T|A| were optimised on a held-out validation set to minimise

the negative log-likelihood of the true labels under the calibrated distribution.

This class-wise formulation provides a simple yet effective means of correcting

class-specific overconfidence. The calibration result is discussed in Section 6.4.2.

6.2.4 Policy Extraction from Value-Based RL Algorithms

Unlike actor-critic or policy-based reinforcement learning methods that output

an explicit action distribution, value-based algorithms (such as DQN, QRDQN,

and CQL) learn a state-action value function or state value function, but do not

directly produce a stochastic policy. To evaluate and deploy these models in

clinical decision-making contexts, we must extract an actionable policy from the

learnt value estimates. IQL incorporates a built-in mechanism for this, known as

advantage-weighted regression [270], which produces a soft policy by reweighting

actions according to their estimated advantage. Similarly, Soft Actor-Critic (SAC)

maintains an explicit actor network that outputs a parametrised policy distribution.

However, DQN, QRDQN, and CQL do not natively support probabilistic policies. To

ensure consistency across all value-based methods, we implemented a standardised

softmax-based policy extraction mechanism. Given a learnt Q function Q̂(s, a), we

extract a stochastic policy π(a|s) using the following temperature-scaled softmax

transformation:

π(a|s) = softmax
(
Q̂(s, a)−maxa′ Q(s, a′)

τ

)
(6.4)

Here, τ denotes the temperature parameter, which controls the sharpness of the

output distribution. Subtracting the maximum Q value before softmax ensures

numerical stability, particularly in clinical contexts where extreme Q values may

occur due to rare but high-reward outcomes.

6.2.5 Model Selection and Evaluation Metrics

For hypoglycaemia prediction classifiers, the model that produced the lowest cross-

entropy loss in validation was selected and evaluated in the test set. Evaluation
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metrics for the forecasting task included the area under the receiver operating

characteristic curve (AUROC), the area under the precision–recall curve (AUPRC),

and the macro-averaged F1 score.

A key lesson from Chapter 5 is that before applying any RL algorithm to clinical

decision-making, we must first evaluate the reliability of off-policy evaluation (OPE)

estimators using sanity checks. Specifically, naive baseline policies should not

appear to outperform clinician-derived policies under any credible metric. This

principle is essential for detecting estimator misspecification and high variance. We

adopted a rigorous OPE framework designed to provide stable and conservative

estimates of expected returns, thereby supporting safe model selection. Before

computing OPE estimates, we first min-max normalise the reward by r−(−3.23)
0.77−(−3.23) ,

where −3.23 and 0.77 are the lower and upper bounds of the per-step reward,

respectively. To compute OPE scores, we have reported Importance Sampling (IS)

and Weighted Importance Sampling (WIS) following Chapter 5. We also have

reported bootstrapped variants [271], which provide empirical confidence intervals

around each point estimate. Given the known instability of importance sampling

(see Section 5.6 in Chapter 5), we apply a clipping threshold of 1 to the importance

weights similar to Chapter 5. This strategy mitigates the influence of extreme

values, although it may slightly underestimate performance [272, 273] and violate

the performance lower bound. In clinical settings where conservative evaluation

is preferred, this trade-off is acceptable.

To improve robustness and address the inconsistency of single-model OPE

estimators (as shown in Chapter 5), we proposed an ensemble bootstrapped OPE

method, shown in Algorithm 1. Instead of relying on a single BC model to

compute importance weights, we train multiple BC estimators and combine their

predictions through bootstrapping. This approach reduces estimator variance,

captures model uncertainty, and provides more conservative confidence bounds for

policy evaluation. Empirically, we set δ = 0.05, corresponding to a 95% confidence

interval, and perform B = 1000 bootstrap resamples when computing the ensemble
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OPE estimates. The comparison between the proposed OPE and the single-model

OPE is discussed in Section 6.4.3.
Algorithm 1: Ensemble Bootstrapped Off-Policy Evaluation

Input: Evaluation policy πe, dataset D, behaviour models {β̂1, . . . , β̂K},
number of bootstraps B, confidence level δ

Output: (1− δ) confidence interval for ensemble OPE score
Step 1: Compute importance ratios and rewards;
for i← 1 to K do

foreach trajectory t ∈ D do
Compute ratio ρi,t and corresponding reward ri,t using β̂i;
Add (ρi,t, ri,t) to global pool P ;

Step 2: Bootstrap from pooled samples;
for b← 1 to B do

Sample with replacement a bootstrap set P̃b from pool P ;
Compute OPE score for bootstrap b:
V̂b ← OffPolicyEstimateFromPool(πe, P̃b);

Step 3: Aggregate and confidence interval;
V̂ens ← 1

B

∑B
b=1 V̂b;

Sort {V̂b}Bb=1 ascending;
l← ⌊δ ·B⌋;
CIens ← [V̂l, V̂B−l];
return V̂ens with CIens;

6.2.6 Feature Interpretability

To explore the interpretability of the model and identify key clinical features that

influence the predictions, the integrated gradient (IG) method was applied to

trained neural networks [274]. This technique attributes changes in model output

to individual input features by integrating gradients along a straight path from

a reference input to the actual input. Implementation details, including baseline

selection and numerical integration, are reported in Supplementary C.3.

6.3 Results for Hypoglycaemia Prediction

6.3.1 Prediction Performance

Performance metrics for hypoglycaemia prediction with a 12-hour observation

window and a 6-hour forecast window across nine supervised learning models
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Figure 6.1: Performance comparison of nine supervised learning models for hypogly-
caemia forecasting with a 12-hour observation window and a 6-hour forecasting window.

Pred. AUROC AUPRC

2 93.28±0.55 42.88±1.90
4 91.35±0.38 39.48±0.39
6 88.65±0.15 34.37±0.43

Obs. AUROC AUPRC

2 87.80±0.13 35.16±0.15
6 88.83±0.11 36.07±0.34
12 90.65±0.33 37.15±0.88

Res. AUROC AUPRC

1 90.18±0.26 38.20±0.66
2 88.34±0.26 28.86±0.73

Table 6.1: Sensitivity analysis of model performance. (Left) Prediction horizon, (Middle)
Observation window, (Right) Resolution. ‘Res.’, ‘Obs.’ and ‘Pred.’ denote resolution,
observation window and prediction horizon, respectively. The default model configuration
uses a prediction horizon of 6 hours, an observation window of 12 hours, and a temporal
resolution of 1 hour. Each subtable isolates the effect of varying one parameter while
keeping the other two fixed at their default values.

are summarised in Figure 6.1. All models achieve similarly high AUROC scores

(above 82%), indicating a strong discriminative capability to classify hypoglycaemic

events. However, the corresponding AUPRC values are significantly lower, ranging

from 18.7% for logistic regression to 37.1% for the Transformer, highlighting the

impact of class imbalance in this task. Sequential deep learning models consistently

outperform traditional baselines across all metrics. The Transformer achieves the

best overall performance, with the highest AUPRC (37.1%), F1 score (65.4%), and

recall (60.4%), demonstrating its ability to capture temporal patterns relevant to

impending glucose drops. Interestingly, XGBoost slightly outperforms GRU and

LSTM in terms of F1 score and recall, suggesting that informative features can

still be extracted without explicit temporal modelling.
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Figure 6.2: Sensitivity analyses for hypoglycaemia prediction, showing the impact of
the prediction horizon (left), observation window(centre), and temporal resolution (right)
on training and validation cross-entropy loss. The shaded areas represent the standard
deviation across four random seeds. Solid lines denote training set loss and dashed lines
denote validation set loss.

6.3.2 Sensitivity Analysis

We conducted targeted sensitivity analyses on the best-performing hyperparameter

setting of the Transformer model to examine how variations in temporal param-

eters, namely, prediction horizon, observation window, and resolution, influence

hypoglycaemia prediction performance. Figure 6.2 shows the comparison in terms

of loss, and Table 6.1 shows the comparison in terms of predictive performance in

the test set. The results show that shorter prediction horizons, longer observation

windows, and finer temporal resolution consistently improve discrimination and

precision. For example, reducing the prediction horizon from 6 to 2 hours increases

AUROC from 88.65 to 93.28 and AUPRC from 34.37 to 42.88, while extending

the observation window from 2 to 12 hours increases AUROC from 87.80 to 90.65

and AUPRC from 35.16 to 37.15. Similarly, moving from a 2-hour to a 1-hour

resolution improves AUROC from 88.34 to 90.18 and AUPRC from 28.86 to 38.20.

These findings suggest that capturing richer historical context and maintaining

finer temporal granularity enhance predictive accuracy, while longer forecast lead

times reduce performance due to physiological uncertainty.
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The loss curves in Figure 6.2 further corroborate these findings by demonstrating

that longer prediction horizons lead to higher training and validation losses, while

extending the observation window reduces validation loss and improves convergence

stability. A finer resolution consistently yields lower losses compared with coarser

temporal settings. Collectively, the analyses indicate that temporal design choices

strongly influence model performance, with shorter horizons, longer windows, and

finer resolution producing the most accurate predictions. Nevertheless, we retain

a 6-hour prediction horizon as the standard configuration to align with intensive

care unit practice, prioritising clinical utility and actionable lead times for insulin

therapy adjustments over maximising predictive metrics.

6.3.3 Model Interpretation

Figure 6.3 shows the Integrated Gradients (IG) attribution heatmap averaged

over 3,717 positive test samples, identifying the features most influential in the

prediction of hypoglycaemia. Glucose dominates the attribution profile across

all time steps, with particularly strong contributions in the final 4 hours before

prediction. Additional prominent signals arise from weight, potassium, and lactate,

reflecting a broader metabolic status. Insulin-related variables (bolus, subcutaneous,

infusion) provide moderate but supportive contributions in the last hours before

prediction. Nutritional inputs (e.g., Lipids, Dextrose) and selected medications

(e.g., ATC A10B, ATC N05A/N06A) contribute modestly, likely due to their

sparse occurrence in the dataset. Overall, the attribution patterns support the

clinical plausibility of the model, combining proximal glycaemic markers with

complementary physiological indicators.

6.4 Results for Insulin Recommendation

This section presents the performance of behaviour cloning models and reinforcement

learning RL policies for insulin dosing. We report all RL performance metrics using

the format mean(lower bound ∼ upper bound), where the mean and 95% confidence

intervals are estimated via non-parametric bootstrapping. Specifically, we generate
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Figure 6.3: Integrated Gradients (IG) attribution heatmap for hypoglycaemia prediction
on the test set (N = 3,717 positive cases). The heatmap shows the mean absolute IG
attribution per feature across 12 temporal steps (hours before prediction). Features are
ordered by overall importance (right panel), with error bars denoting standard deviation.

1,000 bootstrap samples, each drawn with replacement and equal in size to the

original dataset, to estimate variability. To ensure comparability across metrics,

the reward per step was normalised to the interval [0, 1], where clinicians achieve

0.8575(0.8556 ∼ 0.8593) per step, and the episodic return was scaled to [0, 111.55],

where the clinician’s baseline was 95.65(85.97∼105.97).

6.4.1 Behavioural Cloning for Clinician’s Insulin Admin-
istration Policy

In DTR modelling, including prior treatment decisions in the input state is not a

strict requirement from an RL perspective. In typical control tasks or games, where

the state of the environment is fully observable or designed to be Markovian, previous

actions are often excluded from the input. However, clinical decision-making often

depends not only on physiological measurements, but also on recent dosing history,

reflecting the clinician’s implicit intent or caution in their reasoning. Therefore,

we have conducted behavioural cloning both with and without previous action
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Figure 6.4: Behavioural-cloning performance with (bottom panel) and
without (top panel) the previous insulin administration supplied as an input
feature.For each encoder (GRU, LSTM, MLP, RETAIN, Transformer), we report mean
test performance across four random seeds, where the exact values are printed beneath
each bar; error bars denote standard deviations. Metrics are AUROC, AUPRC, macro-F1,
and macro-recall.

in the state space. The result is shown in Figure 6.4. Performance comparisons

reveal several key patterns. When the previous action is excluded, recurrent models

such as GRU, LSTM, RETAIN, and Transformer outperform the MLP by 4 to 6

AUROC points, demonstrating their advantage in capturing temporal dependencies

through hidden states. Among these, GRU and LSTM achieve the highest AUROC

scores (above 91%), while MLP is slightly behind with an AUROC of 85.6%. Once

the previous insulin rate is included as an explicit feature, performance improves

substantially across all types of models. The AUROC of all models increases to

nearly 98%. AUPRC and macro-F1 scores almost double, with all architectures
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increasing to more than 80%. The performance gap between architectures narrows

to under 0.3 AUROC points, indicating that the autoregressive signal provided

by the last action largely captures the short-term decision context that recurrent

models would otherwise infer from sequence history. The sharp performance gains

observed with the inclusion of previous dosing suggest that insulin decisions are not

fully determined by the current physiological state alone. By explicitly encoding

the prior action, the models can more easily replicate these patterns without having

to infer them from glucose dynamics alone.

6.4.2 Behavioural Model Calibration

To assess the reliability of predicted action probabilities from behaviour-cloning

models, we evaluated the quality of the calibration using reliability diagrams for

the four BC models that perform best based on the criteria defined in Section 6.2.5.

Figure 6.5 plots the predicted class probabilities against the empirical frequencies

observed across binned prediction intervals. We also report the reliability plot per

class for each BC model in Figure C.4, Appendix C. Importantly, while all models

were trained on the same dataset and achieved near-identical overall metrics, their

confidence calibration profiles differ significantly (as evidenced by the variation in

the blue lines). This highlights that even strong-performing models can behave

differently in terms of uncertainty estimation. Across all four models, we observe

that the predicted probabilities near 1.0 are already well calibrated, indicating

that high-confidence predictions are generally reliable. However, at the lower end

of the confidence spectrum (e.g., probabilities < 0.2), there is a clear mismatch

between the predicted and observed frequencies, with models tending to underpredict

uncertainty—i.e., assigning overly confident scores to rare or uncertain classes. Even

after applying CTS, these discrepancies remain only partially corrected. This

residual miscalibration is expected and aligns with our findings in Chapter 5,

where we showed that calibration becomes unreliable in extremely low-probability

regions due to data sparsity and long-tailed class distributions. The application of

CTS improves the calibration, particularly in the rare-class regime, where model
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Figure 6.5: Reliability diagrams before and after calibration for the four GRU top-
performing behaviour-cloning models used in off-policy evaluation. The blue line shows
model predictions before calibration, the orange line shows predictions after class-wise
temperature scaling, and the grey diagonal indicates perfect calibration. All models
achieve near-perfect AUROC (∼0.99) and AUPRC (>0.84), but differ in their probabilistic
confidence estimates.
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predictions are more prone to overconfidence. Although it cannot completely correct

confidence estimates at very small predicted probabilities, it provides a statistically

grounded adjustment that enhances the trustworthiness of behavioural policies

when used for policy evaluation and comparison.

6.4.3 Selection of Off-policy Evaluation By Naive Baseline
Check

To assess the reliability of various OPE metrics, we first compare them with a

range of naive baseline policies. This step serves as a sanity check. Since these

baseline policies are not learnt from the data and do not incorporate patient-

specific information, their performance should not exceed the clinician’s return (see

Chapter 5 for rationales). Evaluating these baselines allows us to identify which OPE

metrics align with clinical intuition and ground-truth expectations. We consider

the following naive policies. Zero-drug policy (π0) does not administer insulin at

any time, regardless of the state of the patient. It acts as a conservative baseline

and is expected to perform poorly under hyperglycemic conditions. Max-drug

policy (πmax) always applies the maximum insulin dose available. It represents an

aggressive treatment strategy, usually resulting in a high risk of hypoglycaemia.

Uniform random policy (πr) selects an action uniformly at random from the

insulin classes available in each timestep. This policy does not incorporate any

structure and serves as a fully stochastic reference. Weighted random policy (πw)

samples actions according to their empirical frequency distribution observed in the

training dataset. The pulse policy, denoted as πp(p,c) , selects the insulin class c with

probability p and defaults to the zero-drug class otherwise. This design provides a

naive and repetitive dosing pattern. Empirically, we define the probability of insulin

administration as p ∈ {0.05, 0.2, 0.5}, which corresponds to an average of a nonzero

dose every 20, 5, or 2 hours, respectively. We select the pulse class c to be either

1 (i.e., 0–0.03 U/kg/hour) or 4 (i.e., > 0.1 U/kg/hour), resulting in six variants

of pulse policy πp(0.05,1) , πp(0.2,1) , πp(0.5,1) , πp(0.05,4) , πp(0.2,4) , πp(0.5,4) . OPE metrics were

computed in the following configurations. Metrici is the performance metric for the
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i-th top-performing BC policy trained using GRU, where i ∈ {1, 2, 3, 4}. Metricb,i is

the bootstrapped metric for the BC estimator i, reporting in the form of ’mean (lower

bound- upper bound)’ of the 95% confidence interval. Metricens is the ensemble

metric, computed as the average across all four BC estimators. Metricens,b is our

proposed ensemble metric with bootstrapped confidence intervals.

Tables 6.2 and 6.3 present detailed comparisons of various off-policy evaluation

(OPE) metrics applied to naive baseline policies. The numerical results reveal critical

limitations in the use of single-model OPE as estimators. Specifically, IS estimates

are frequently near-zero and display minimal variation across policies. Single-model

WIS is more stable than IS, but still exhibits considerable sensitivity to the choice

of behaviour policy model. For example, under the zero-insulin baseline policy π0

(first column of Table 6.2), WIS estimates vary widely across the four behaviour

models, from 36.96 (WIS1) to 74.73 (WIS4). This model-dependent variability

introduces uncertainty in policy ranking and challenges reproducibility. To address

these issues, we adopt WISens,b, the ensemble-averaged, bootstrapped variant of

WIS, as our primary off-policy evaluation metric. This approach offers several key

advantages: (1) reduced bias through weighted importance sampling; (2) improved

robustness through ensemble averaging over multiple behaviour models; and (3)

uncertainty quantification through bootstrapped confidence intervals. Empirically,

WISens,b exhibits consistent scaling across policies and avoids the instability seen

in IS or PDIS. An exception is the estimated negative return for the πmax policy

(–26.31), which appears to violate the theoretical lower bound of zero for the

reward function. However, this result is acceptable due to the application of

ratio clipping (truncating importance weights to ≤ 1), a standard conservative

measure that induces downward bias but improves the stability of the estimator.

Although this may slightly underestimate true returns, it aligns with our safety-first

philosophy for clinical deployment.
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Table 6.2: OPE metrics grouped by behaviour-cloned model, part 1. For OPE with
bootstrapping, metrics are reported with the mean and 95% confidence interval. The
subscripts 1, 2, 3, and 4 denote the best, second-best, third-best, and fourth-best behaviour
policy models, respectively. Values below the reward lower bound are allowed due to the
conservative ratio truncation.

π0 πmax πp(0.05,1) πp(0.05,4) πp(0.2,1)

ISb,1 0.07(0.00 0.21) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00)
ISb,2 0.08(0.00 0.24) 0.00(0.00 0.00) 0.00(0.00 0.01) 0.00(0.00 0.01) 0.00(0.00 0.00)
ISb,3 0.30(0.08 0.61) 0.00(0.00 0.00) 0.04(0.00 0.12) 0.04(0.00 0.12) 0.00(0.00 0.00)
ISb,4 0.82(0.28 1.45) 0.00(0.00 0.00) 0.13(0.00 0.28) 0.11(0.00 0.22) 0.00(0.00 0.00)
IS1 0.07 0.00 0.00 0.00 0.00
IS2 0.08 0.00 0.00 0.00 0.00
IS3 0.31 0.00 0.04 0.04 0.00
IS4 0.82 0.00 0.13 0.11 0.00
WISb,1 34.29(24.64 38.04) 18.43(16.00 22.97) 33.56(24.69 37.09) 33.05(24.54 36.95) 25.48(24.39 27.35)
WISb,2 32.33(12.43 38.12) 18.64(16.00 23.47) 30.05(12.10 36.93) 29.46(10.54 36.93) 25.24(24.20 26.94)
WISb,3 59.37(34.58 96.70) 18.39(16.00 23.30) 31.58(22.63 37.04) 33.52(21.17 38.00) 25.81(21.95 32.04)
WISb,4 73.40(46.10 99.43) 18.19(16.00 23.29) 38.83(33.94 46.23) 37.72(33.28 41.95) 25.71(24.49 29.24)
WIS1 36.96 16.00 36.41 36.49 25.45
WIS2 36.93 16.00 33.67 35.09 25.41
WIS3 59.41 16.00 34.47 36.77 24.42
WIS4 74.73 16.00 39.12 38.35 25.32
ISens,b 0.09(−0.03 0.22) −0.00(−0.00 −0.00) −0.00(−0.03 0.02) 0.00(−0.02 0.03) 0.00(0.00 0.00)
WISens,b 21.64(3.92 39.74) −26.31(−26.44 −26.44) 1.90(−25.18 16.53) 8.42(−3.93 18.52) 5.29(4.19 6.47)

Table 6.3: OPE metrics grouped by behaviour-cloned model, part 2. For OPE with
bootstrapping, metrics are reported with the mean and 95% confidence interval. The
subscripts 1, 2, 3, and 4 denote the best, second-best, third-best, and fourth-best behaviour
policy models, respectively. Values below the reward lower bound are allowed due to the
conservative ratio truncation.

πp(0.2,4) πp(0.5,1) πp(0.5,4) πr πw

ISb,1 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.01)
ISb,2 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.02(0.00 0.06)
ISb,3 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.04(0.00 0.11)
ISb,4 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.04(0.00 0.12)
IS1 0.00 0.00 0.00 0.00 0.00
IS2 0.00 0.00 0.00 0.00 0.02
IS3 0.00 0.00 0.00 0.00 0.04
IS4 0.00 0.00 0.00 0.00 0.04
WISb,1 22.23(17.96 26.36) 25.73(24.50 29.44) 14.53(9.78 25.47) 25.63(23.36 26.55) 30.94(24.49 36.90)
WISb,2 26.13(24.67 29.81) 27.71(25.10 30.33) 28.02(23.47 30.41) 25.64(23.36 26.54) 32.46(24.41 36.96)
WISb,3 18.46(9.78 35.45) 24.91(24.52 25.59) 15.16(9.79 25.33) 25.73(24.42 26.54) 32.07(25.41 36.87)
WISb,4 27.97(24.48 31.64) 25.72(25.04 26.28) 23.79(16.83 25.39) 25.72(24.20 26.54) 32.89(25.59 38.26)
WIS1 21.76 24.67 9.81 26.54 33.52
WIS2 25.67 28.36 30.28 26.53 36.55
WIS3 15.69 24.74 10.49 26.45 33.60
WIS4 28.76 25.84 24.71 26.47 34.03
ISens,b 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.00(0.00 0.00) 0.01(0.00 0.02)
WISens,b 8.93(1.35 15.86) 15.42(10.84 16.97) 9.34(4.10 16.16) 15.17(13.92 15.74) 18.17(17.07 18.60)
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Figure 6.7: Insulin dosing behaviour of reinforcement learning policies. We report the
mean value across four random seeds. Error bars denote one standard deviation.

6.4.4 Reinforcement Learning for Insulin Administration

We implemented and evaluated six offline reinforcement learning algorithms, i.e.,

DQN, BCQ, CQL, IQL, QRDQN and dSAC, trained to recommend weight-adjusted

insulin doses using a clinically informed reward function based on the Blood Glucose

Risk Index (See Section 6.2.2). All models were trained in the same patient

cohort and evaluated using a bootstrapped ensemble WIS estimator to ensure

robust off-policy evaluation in high-stakes clinical settings. Figure 6.6 compares

the performance of RL-derived policies to clinician dosing behaviour. Offline

RL algorithms substantially outperform their off-policy counterparts across all

evaluation metrics. Value-based methods such as DQN, QRDQN, and dSAC exhibit

tightly clustered WIS mean scores near 26, with lower bounds hovering just above 25.

In contrast, offline RL methods, specifically CQL and IQL, achieve markedly higher
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WIS means, reflecting their ability to avoid extrapolation errors by conservative

learning. CQL achieves a WIS mean of 90.41, and IQL follows with 81.65. In

contrast, although BCQ is an offline algorithm, it performs closer to the value-based

group with a WIS of 28.01. Among all the policies learnt, CQL emerges as the clear

best performer. Its WIS mean of 90.41 approaches that of the clinician benchmark

(95.65), and its 95% CI lower bound reaches 83.05, remarkably close to the clinician

lower bound of 85.97. This suggests that even with conservative estimates, CQL

remains highly competitive. IQL performs well in expectation, but exhibits greater

variability across seeds; its lower limit of 57.87, while respectable, falls considerably

short of the CQL’s, highlighting concerns about stability and worst-case reliability.

Interestingly, while reinforcement learning is not explicitly trained to mimic clinician

decisions, F1 scores offer a useful sanity check. Higher-performing RL policies tend

to show stronger alignment with clinician actions. CQL achieves an F1 of 75.85,

and IQL follows at 70.03, approaching the upper bound F1 of the behavioural

cloning model of 79.34. In contrast, value-based policies show dramatically lower

F1 scores, with DQN at 6.25, QRDQN at 17.02, and dSAC at 6.72. BCQ scores

slightly higher at 21.16, but remain distant from the offline leaders. These results

reinforce the broader observation from Chapter 5. Policies that deviate significantly

from clinician behaviour often perform poorly, suggesting that clinical alignment

serves as a meaningful indicator of policy effectiveness rather than a cosmetic

feature. Figure 6.7 illustrates the insulin dosing behaviour of different RL models.

We observe that DQN, QRDQN, dSAC, and BCQ consistently recommend higher

insulin doses compared to clinicians. In contrast, CQL and IQL produce dosing

patterns that are more closely aligned with clinical practice. This discrepancy

explains the poorer performance of the former group, as overly aggressive dosing

strategies often lead to unsafe and suboptimal glucose control.

6.5 Discussion

Our study demonstrates the significant potential of advanced machine learning and

reinforcement learning methods to manage glucose instability among critically ill pa-
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tients. By systematically benchmarking a wide array of supervised learning models,

we establish that sequential neural architectures, particularly Transformer-based

models, robustly predict hypoglycaemic events in ICU settings. Furthermore, our

reinforcement learning-derived insulin administration policies effectively mirrored

and approximated professional clinical protocols, showcasing the practical utility

of data-driven approaches for complex treatment decision-making in critical care.

These findings support our original hypothesis that the use of multimodal and

temporally rich data could enable more accurate risk stratification and personalised

insulin titration compared to rule-based protocols currently in use.

A primary contribution of our work is the creation of a thoroughly curated

and publicly reproducible dataset derived from the MIMIC-III database, which

encompasses a diverse range of clinical variables, including glucose trajectories,

insulin administration, nutritional support, vital signs, laboratory measures, and

pharmacological interventions. Unlike many previous studies that used narrowly

defined patient cohorts or continuous glucose monitoring, our dataset represents a

broader adult ICU population. This enhances the ecological validity of our models

and improves the generalisability of our findings to typical clinical settings. In

particular, our cohort included patients with and without diabetes, with varying

comorbidities and demographic backgrounds, increasing applicability across a variety

of ICU environments. In doing so, our work responds directly to the gaps identified

in the prior literature, where a lack of data diversity has hindered model deployment.

The sensitivity analyses conducted in our study provide clear, clinically relevant

insights. The finding that extended observation windows and higher temporal

resolutions consistently improve prediction accuracy highlights the importance

of capturing detailed physiological dynamics, supporting the clinical necessity of

frequent patient monitoring in ICU settings. For example, AUROC increased from

87.80 to 90.65 when the observation windows were expanded from 2 to 12 hours,

and prediction accuracy improved substantially when using hourly rather than

2-hourly input resolution. Furthermore, while shorter prediction horizons naturally
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yield higher accuracy due to reduced uncertainty, our standard adoption of a 6-

hour horizon reflects a clinically meaningful compromise, aligning predictive utility

with the actionable timeframe required for long- and intermediate-acting insulin

management. This decision reflects real-world trade-offs between early intervention

planning and prediction feasibility in fast-changing ICU contexts.

Behavioural cloning analyses further underscored the clinical relevance of in-

corporating prior insulin administration into predictive models. By explicitly

incorporating dosing history, all models achieved markedly superior performance,

with GRU’s AUROC increasing from 91.2 to 98.3 and AUPRC rising from 49.9 to

85.4. This result reinforces the necessity of capturing autoregressive relationships

in treatment decisions and highlights the potential for future model enhancements

through more complex contextualisation of therapeutic history. Clinically, it

supports the practice of incorporating prior medication events into risk prediction

systems, particularly for time-sensitive therapies such as insulin.

Our reinforcement learning analyses demonstrate that while offline RL shows

potential for data-driven insulin administration, its capabilities are often overstated

in the prior literature. Through sanity checks, we confirmed that single-model OPE

produces inconsistent and sometimes misleading estimates, aligned with the findings

of Chapter 5. To address this, we introduced an ensemble bootstrapped Weighted

Importance Sampling approach, which yields a more stable and conservative

policy evaluation. Under this improved evaluation framework, no off-line RL

algorithm exceeds the performance of clinicians. However, conservative algorithms,

particularly CQL and IQL, are closest to approximating the dosing strategies of

clinicians. This is an important and realistic outcome. In high-stakes ICU care, any

algorithm that appears to ’easily outperform’ well-trained clinicians retrospectively is

typically overoptimistic or flawed in evaluation. Our results demystify the perceived

superpower of RL and suggest that reliably approximating clinician behaviour is

already a meaningful achievement.

At the same time, our findings highlight the inherent limitations of RL in

this clinical setting. Insulin dosing in the ICU is a relatively straightforward
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control problem. Glucose is a single, well-understood target variable, and the

pharmacological effect of insulin is monotonic (higher doses lower glucose). Despite

this simplicity, RL agents still struggle to fully avoid unsafe dosing patterns. This

shortcoming highlights a deeper challenge that we aim to address in the next chapter:

injecting Prior knowledge into dynamic treatment agent.

In the future, prospective studies and controlled clinical trials will be the next

crucial steps in translating these promising retrospective findings into clinical

practice. Future work should also emphasise the integration of real-time clinical

feedback mechanisms and the evaluation of clinician acceptance of AI-driven decision

support tools. Such prospective validations will not only confirm the robustness and

safety of the proposed methods but will also facilitate their seamless integration

into routine ICU care. There is also scope for extending the framework to multi-

agent settings, incorporating dietary management, glucocorticoid tapering, or

other endocrine modulators that affect glucose control. More broadly, our open-

source dataset and modelling framework provide a scalable benchmark for future

research, enabling global labs to replicate, extend, and validate AI-assisted glycaemic

management strategies, ultimately aiming to reduce preventable morbidity and

mortality in critical care environments.
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7
Are Large Language Models Dynamic

Treatment Planners? An In Silico Study
from a Prior Knowledge Injection Angle

7.1 Introduction

Chapter 4 demonstrated that RL algorithms could successfully learn effective DTRs

for complex clinical tasks, particularly glycaemic control, in carefully controlled

settings. However, the practical implementation of RL approaches faces significant

challenges, including the need for carefully engineered reward signals, observation

space, and action space. To achieve robustness against pharmacokinetic/pharma-

codynamic variability, developers must inject sufficient prior knowledge during

training, such as policy safety constraints[275], world modelling [276] or direct

human advice [277]. However, existing methods are mostly from robotics areas,

where adding human demonstrations or applying constraints is at a lower cost. In

the field of treatment regimes, there is no silver bullet to inject prior knowledge

before or during training.

Recent advances in large language models (LLMs) present an alternative and

complementary approach that could mitigate these limitations [278, 279]. LLMs

possess distinctive capabilities that make them promising candidates for clinical

decision support. First, their proficiency in in-context learning and instruction-

following facilitates embedding straightforward prior knowledge, which is typically

challenging to encode explicitly in smaller neural network models [280]. Second,

123
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their pre-trained medical knowledge may enhance the quality and safety of clinical

recommendations. LLMs also exhibit sophisticated reasoning capabilities, especially

when analysing complex historical EHR data [281]. The potential of LLMs

for generating treatment recommendations remains largely unexplored, although

previous research has extensively explored the reasoning abilities of LLMs across

domains such as mathematics, coding, robotics, and medical diagnosis [282].

LLMs can potentially capture the rich temporal dependencies inherent in patient

trajectories, provide human-readable rationales, and offer safer, more interpretable

treatment policies without explicit reward optimisation.

This chapter investigates whether open-sourced state-of-the-art LLMs can

generate clinically meaningful insulin dosing recommendations purely through

inference. We directly compare their performance with small neural-network-based

RL agents within the same experimental framework. Specifically, our investigation

aims at exploring four key research questions (RQs). (RQ1) How can expert clinical

knowledge be effectively injected into RL, and can LLMs simplify this process?

(RQ2) Can LLMs outperform small neural-network-based RL policies in zero-shot

inference settings? (RQ3) Do the parameter scaling law and sampling temperature

findings observed in other LLM tasks extend to dynamic treatment regime scenarios?

(RQ4) Does incorporating chain-of-thought (CoT) prompting improve reasoning

quality and clinical performance in dynamic treatment scenarios? To analyse these

questions, we use the SimGlucose type-1 diabetes simulator introduced in Chapter

4, a validated in silico environment that rigorously evaluates insulin dosing policies.

7.2 Problem Formulation and Environment Set-
ting

We use the SimGlucose environment to validate the capabilities of LLMs for two

critical considerations. First, despite having a seemingly simple observational

structure, consisting primarily of blood glucose measurements, the environment

exhibits highly complex underlying dynamics. As demonstrated in Chapter 4,

maintaining glycaemic control requires precise dosage adjustments, where even
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advanced off-policy RL algorithms struggle under realistic noise and inter-patient

pharmacokinetic/pharmacodynamic variability. Second, the simulator presents

straightforward rules, such as "insulin reduces glucose", which are challenging to

embed explicitly into traditional RL policies. In contrast, LLMs can directly

incorporate prior knowledge through natural language instructions, making the

SimGlucose environment an ideal testbed to assess whether LLMs excel as clinicians

who follow instructions.

The patient’s state is observed in a discrete timestep of 15 minutes and includes

the preceding four-hour glucose trajectory and the insulin infusion history. Similarly

to Chapter 4, the agent selects a continuous (for PPO) or 11-bin discrete (for DQN)

insulin infusion rate at ∈ [0, 9] U/h, administered as a basal rate over the subsequent

15-minute control interval. The clinical goal is to maintain blood glucose within

the target range [70, 140] mg/dL, avoiding severe excursions below 40 mg/dL or

above 500 mg/dL. Episodes end after 16 hours (64 time steps) or immediately

after glucose excursions above (40, 500) mg / dL.

7.3 Reward and Evaluation Protocol

To rigorously evaluate insulin dosing strategies generated by small reinforced models

and LLMs, we adopt three key evaluation metrics:

• Survival Rate: Defined as the proportion of episodes that complete the full

16-hour simulation (64 timesteps) without termination due to extreme blood

glucose (BG) excursions. Termination occurs if BG drops below 40 mg/dL or

exceeds 500 mg/dL.

• Time-In-Range (TIR): A standard metric that quantifies the fraction of

time steps in which BG lies within the recommended range of 70–180 mg/dL.

This assesses the ’control quality’ and is computed as the average hit rate

across the episode.
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• Normalised Return: Derived from the total episodic return specified in the

reward design (See Eq4.10 in Chapter 4, this metric captures the cumulative

efficacy of treatment using the glucose risk index. We min-max scale the

return to the [0, 100]% range using:Return−(−99.7)
64−(−99.7) × 100, where -99.7 is the

minimum possible return and 64 is the maximum (survival with optimal

glycaemic control).

All metrics are computed over three groups of four patients: adults, adolescents,

and children. In SimGlucoseEnv, adult physiology is modelled as the least volatile,

and paediatric physiology as the most volatile. Consequently, cohorts can be

interpreted as representing increasing levels of difficulty: easy (adult), medium

(adolescent), and hard (child). Each patient undergoes 20 test episodes (4 seeds

× 5 repeats), delivering sufficient statistical power. We report metrics using

bootstrapped confidence intervals. The error bars represent the 95% confidence

interval derived by bootstrapping each metric 1,000 times with replacement and

selecting the 2.5% and 97.5% percentiles, respectively. The primary reported ’mean’

metric is the mean of the bootstrapped result. The notation is used for all the

following results, unless otherwise specified.

For small reinforced agents (SRAs), DQN and PPO are trained in adult,

adolescent, child and mixed environments, respectively, and the best model is selected

by achieving the best overall evaluation return. The best selected model is then eval-

uated on each stratum in the evaluation environments for generalisation assessment.

For LLMs, the pretrained language models are evaluated directly in the eval-

uation environments with different prompt methods, which will be introduced

in Section 7.4.2.
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7.4 Experimental Setting

7.4.1 Small Reinforced Agents in Insulin Dosing
Training Small Neural Networks with Reinforcement Learning

We selected Deep Q-Network (DQN) and Proximal Policy Optimisation (PPO)

as representative algorithms for off-policy and on-policy reinforcement learning,

respectively. Detailed descriptions of the algorithms are provided in Section 2.4.1,

Chapter 2. Although Chapter 4 justified focusing exclusively on off-policy algorithms

due to the impracticality of on-policy updates in real clinical settings, we include

PPO here to establish an aspirational upper-bound performance benchmark against

which we can evaluate LLM policies. Both algorithms were trained separately under

four distinct scenarios to account for varying levels of patient variability: adult

only (easy), adolescent only (medium), child only (hard) and a mixed group from

all three categories of patients. Each training epoch consisted of 480 simulation

steps, equivalent to 10 full episodes without early termination. Training was

performed over 20 epochs, with model checkpoints saved and evaluated at the

end of each epoch in their respective training environments. The best-performing

checkpoints were selected based on the highest normalised episodic training return,

and were subsequently evaluated on the complete evaluation environment set

described in Section 7.2. Detailed hyperparameter configurations and training

specifics are provided in Appendix D.3.

Injecting Prior Knowledge in Small Reinforced Agents via Exploration

Integrating clinical prior knowledge directly into RL poses challenges due to the

difficulty neural networks have in interpreting natural language or expert intuition

directly. Due to the sparse dosage nature of DTR, we choose to incorporate clinical

insights into the exploration strategy, thus guiding clinically plausible actions

from the early training stages.

For DQN, exploration typically employs an ε-greedy strategy, where actions are

selected uniformly throughout the action space. In insulin dosing scenarios, this

approach often leads to unsafe, clinically implausible actions (e.g., overdosing), as
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the optimal insulin dosage is frequently zero. To mitigate this issue, we introduce a

domain-informed modification that assigns the zero-dose action a significantly higher

exploration probability. Denoting the probability of selecting action 0 (i.e., zero dose)

as p0 and selecting any other action as pj, j ∈ [1, 2, ..., |A| − 1], we design a heuristic

p0

pj
= |A|(|A|+ 1)

|A| − 1

where |A| is the number of discrete dose levels. Since we use an 11-bin action space

for DQN, the probability of selecting zero dosage during exploration is around 0.569.

Further justifications of the heuristic design can be found in D.2

For PPO, the integration of prior knowledge differs due to continuous action

spaces. We explored two primary action transformations: a smooth hyperbolic

tangent (Tanh) function and a hard-clipping function. The clip transformation

is commonly used due to simplicity and stability, and is considered the ‘without

prior knowledge’ choice. In contrast, the Tanh transformation (considered the ‘with

prior knowledge’ choice) provides smooth action saturation, implicitly embedding

prior knowledge that favours conservative dosing decisions unless strongly justified

by model predictions. Detailed theoretical analyses and justifications comparing

these transformations are provided in Appendix D.1.

In addition, we initialise the PPO actor network with near-zero weights and

zero biases to ensure that, at the beginning of training, the policy outputs actions

close to zero. This encourages safe, low-dose decisions during the early learning

phase. To further align initial exploration with prior knowledge, we warm-start the

training buffer using a constrained random policy biased toward small doses. For

PPO, actions are uniformly sampled from the continuous interval [0,2] U/h. For

DQN, actions are sampled uniformly from the discrete set {0, 1, 2}, where actions

0,1,2 correspond to dose 0, 0.9 and 1.8 units/hour. This strategy ensures that

early-stage trajectories observed by the agent predominantly reflect conservative

dosing behaviours, thereby promoting safer exploration from the outset.
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7.4.2 LLMs in Insulin Dosing
Basic LLM Policy Construction

To facilitate LLM inference on structured medical time series, we first transformed

numerical patient-state representations into descriptive text. Specifically, each

observation was formatted to include the patient’s glucose measurements, insulin

infusion rates, and corresponding timestamps at 15-minute intervals. This structured

format mirrors real-world EHRs and leverages previous research demonstrating

improved LLM reasoning when inputs are presented as formatted text [283, 284].

An illustrative example of a four-hour glucose trajectory (covering 16 discrete

timesteps) is provided in Prompt 1.

Prompt 1: Observation Example

Day 1, Time: 05:00:00 (initial measurement), glucose: 159.27 mg\/dL, insulin rate: 0.0000 unit\/hour, insulin dose: 0.00 unit.

Day 1, Time: 05:15:00, glucose: 148.96 mg\/dL, insulin rate: 1.0000 unit\/hour, insulin dose: 0.25 unit.

Day 1, Time: 05:30:00, glucose: 149.71 mg\/dL, insulin rate: 0.0000 unit\/hour, insulin dose: 0.00 unit.

...

Prompt 2: Basic Zero-shot Prompt Template

You are a clinical specialist responsible for managing patients with Type-1 Diabetes. Your primary objective is to maintain the
patient's blood glucose levels within the safe range of **70-140 mg/dL** by administering appropriate insulin doses.

### Monitoring and Decision Frequency
Blood glucose levels are observed every **15 minutes**. Your task is to determine the insulin dose rate in units/hour every **15

minutes** based on the latest glucose readings and trends.

### Insulin Administration
- Insulin lowers blood glucose levels with a delayed effect. Your decisions will define the insulin dose rate to be

administered over the next **15 minutes** to maintain a normal glucose level in a long run.

- We do not distinguish between basal and bolus insulin. The dosing decision is based on the latest glucose readings and
trends.

- **Rate Range**: You MUST provide a dose in the range of [0 to 9] units/hour, inclusive.

- **Administration Interval**: The specified dose is distributed evenly over the 15-minute period, i.e., the total dosage is
your_action/60*15. You only need to provide the dose rate in units/hour. Do NOT specify the total dose.

###Observations
<Observation>

###Request
Determine the optimal insulin rate for the current 15-minute interval to maintain a patient's blood glucose levels within the

safe range of 70-140 mg/dL. Choose a dosage value. For example, if you choose 0 units, enter 0. DO NOT say anything else.

###Answer

The baseline LLM policy was constructed using a straightforward system prompt

to maintain blood glucose within the safe range of 70–140 mg/dL by selecting an

appropriate insulin infusion rate every 15 minutes. This prompt explicitly specifies
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both the clinical goals and the action constraints, including limiting insulin dosage

rates to the clinically acceptable range of 0-9 units/hour. A minimal instruction

was added to request a numeric response, forming the zero-shot inference policy

prompt (see Prompt 2). This minimalist, zero-shot prompting strategy served

as the foundational baseline for all subsequent LLM policy evaluations, based

on prior evidence that even minimal natural language supervision can effectively

guide LLMs in decision-making scenarios.

Injecting Prior Knowledge in LLMs

Prompt 3: Expert Knowledge System Prompt

<Same base system prompt as Prompt 2>

### Hidden Variables
- **Food Intake**: Food consumption increases blood glucose levels.
- **Exercise**: Exercise reduces blood glucose levels.
- **Estimation**: Since food intake and exercise are not directly observable, estimate based on time of day and observed glucose

trends using clinical judgment and common sense.

### Penalties and Risks
- **Blood Glucose Outside Safe Range (70-140 mg/dL)**:

- **Above 140 mg/dL**: Hyperglycaemia penalties.
- **Below 70 mg/dL**: Hypoglycaemia penalties, with increased severity.
- **Above 500 or below 40 mg/dL**: EXTREMELY DANGEROUS, your treatment will be considered a failure and the patient will die!

- **Insulin Dose Considerations**:
- **High Doses**: Use cautiously to avoid rapid and excessive lowering of glucose levels.
- **Low Glucose Levels (<70 mg/dL)**:

- **Action**: Immediately cease insulin administration until glucose levels rise above 70 mg/dL.
- **Priority**: Prevent hypoglycaemia due to its acute dangers.

### Safety Precautions
- **Avoid Overdosing Insulin**: Prevent hypoglycaemia by carefully balancing insulin doses.
- **Insulin Stacking Awareness**: You should consider the accumulated dosage and the delayed effect of insulin on glucose levels

carefully.
- **Prioritize Patient Safety**: Always aim to keep glucose levels within the target range. If uncertainty exists, opt for a

lower or zero insulin dose to ensure safety.

###Observations
<Observation>

###Request
Determine the optimal insulin rate for the current 15-minute interval to maintain a patient's blood glucose levels within the

safe range of 70-140 mg/dL. Choose a dosage value. For example, if you choose 0 units, enter 0. DO NOT say anything else.

###Answer

Prompt 4: Zero-shot CoT Instruction

Determine the optimal insulin rate for the current 15-minute interval to maintain a patient's blood glucose levels within the
safe range of 70-140 mg/dL. First, analyse the current state step-by-step. Finally, you must choose a dosage value enclosed
in answer tags (i.e., <ans> and </ans>]), for example, <ans>0</ans>, without any non-numerical word. Let's think step by

step.

To add priors to LLMs, we extend the baseline prompt by embedding prior

knowledge directly into the system instruction (Prompt 3). This expert-augmented

prompt includes additional guidance, such as the delayed effect of insulin, safety
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Prompt 5: Zero-shot CoT With Meal Information Instruction

Determine the optimal insulin rate for the current 15-minute interval to maintain a patient's blood glucose levels within the
safe range of 70-140 mg/dL. First, analyse the current state step-by-step by estimating the Correction Factor(CF) and Total
Daily Insulin(TDI). If the patient has taken any meal, you must consider the meal effect. Finally, you must choose a

dosage value enclosed in answer tags (i.e., <ans> and </ans>]), for example, <ans>0</ans>, without any non-numerical word.
Let's think step by step.

thresholds for hypoglycaemia, and cautionary principles around high-dose admin-

istration. It also introduces reasoning about hidden variables, such as estimating

food intake or exercise effects from indirect indicators like time of day or rising

glucose trends. By explicitly encoding these safety rules and latent clinical patterns,

our objective is to improve the plausibility and robustness of the dosing decisions

of the model. In recent work, similar approaches have been explored that aim

to ground LLM reasoning in clinical heuristics [285]. We then evaluate whether

language models can engage in explicit clinical reasoning using the zero-shot CoT

prompting strategy (Using the instruction in Prompt 4 and the same system prompt

as Prompt 3). Here, the instruction requires the model to analyse the current

patient’s condition step by step before selecting a dose. The final answer is wrapped

in delimiters (<ans>answer</ans>) to isolate the scalar output from the reasoning

trace. Lastly, we explore a variant of chain-of-thought prompting that attempts

to uncover latent clinical variables, particularly the presence of meals and the

patient’s insulin sensitivity (Using instruction Prompt 5 and using the same system

prompt as Prompt 3). The prompt encourages the model to estimate factors such as

total daily insulin (TDI) or correction factor (CF), and to infer hidden states from

glucose dynamics when explicit indicators are missing. This is particularly relevant

in partially observed settings like SimGlucose, where meal events are recorded as

binary tokens, but not described explicitly in natural language. By embedding

instructions to reason over such hidden variables, we assess whether LLMs can

estimate hidden variables and the environmental PK/PD dynamics. Across all

types of prompts, LLMs act solely via inference without training.



132 7.5. Results

7.5 Results

We present an extensive evaluation comparing LLMs with SRAs. Specifically,

we examine two representative open-source LLM families, Qwen2.5 [286] and

LLaMA3 [287], selected due to their robust general-purpose reasoning capabilities

and widespread adoption in the community.

7.5.1 The effectiveness of Prior Knowledge Injection on
SRAs
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Figure 7.1: Overall normalised return of SRA on the evaluation set for DQN and
PPO. Each algorithm is trained on one of four environment types (adult, adolescent,
child, or mixed cohort) and evaluated across all environment types. The reported results
represent the overall average performance across adult, adolescent and child environments.
Evaluation result for each strata is not shown here for clarity, and will be discussed later in
Figure 7.2. ‘Prior’ denotes prior knowledge, ‘w/’ means ’with’ and ‘w/o’ means ‘without’.

Figure 7.1 and Table 7.1 contrast the normalised episodic returns obtained

by DQN and PPO trained with and without explicit prior knowledge across four

different training environments. The effects of embedding prior knowledge into

DQN and PPO appear contradictory. For DQN, the introduction of prior knowledge

significantly increases performance in the easiest (adult) environment, improving
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Train Env. DQN PPO

w/o → w/ Prior ∆ (%) w/o → w/ Prior ∆ (%)
Adult 27.7 → 44.9 17.2 37.5 → 35.4 −2.1
Adolescent 53.2 → 52.3 −0.9 54.7 → 55.9 1.2
Child 66.1 → 36.3 −29.8 59.3 → 63.3 4.0
Mixed 61.2 → 62.7 1.5 62.9 → 62.6 −0.3

Table 7.1: Impact of prior knowledge injection on overall normalised episodic return on
the evaluation environments. For clarity, this table only shows the mean value captured
from Figure 7.1. ∆ represents the performance gain or loss by percentage. ‘Prior’ denotes
prior knowledge, ‘w/’ means ’with’ and ‘w/o’ means ‘without’.

from 27.7% to 44.9%. However, this benefit diminishes sharply with increasing

difficulty, becoming negative in the hardest (child) environment, where performance

declines markedly from 66.1% to 36.3%. In contrast, PPO demonstrates modest

performance improvements upon the introduction of prior knowledge, particularly in

harder environments; returns slightly increase from 54.7% to 55.9% in the medium

environment and more notably from 59.3% to 63.3% in the child environment. In

the mixed environment, neither algorithm shows a statistically significant difference,

indicating that embedding explicit knowledge has a negligible marginal impact

when training encompasses all levels of difficulty.

Interpreting the aforementioned results, the contradictory behaviour can be

explained by the fundamental differences between the learning mechanisms of

DQN and PPO. DQN, as an off-policy and value-based algorithm, initially benefits

from conservative prior knowledge in easier (such as Adult) environments, since

adults’ glucose levels can be well maintained by lower insulin dosage given their

stable glucose-insulin dynamics. However, in more challenging environments (such

as Children), the same conservative strategy can induce severe hyperglycaemic

episodes due to insufficient doses, resulting in substantial penalties. Repetition

of these negative experiences rapidly deteriorates the landscape of learnt values,

dramatically reducing performance. PPO, as an on-policy actor-critic method,

continuously samples trajectories that are aligned with the current policy. Since

the conservative prior knowledge injected into PPO is via action scaling, the
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prior does not impose strict constraints on policy, but gently biases exploration

towards conservative dosing. Consequently, PPO avoids the severe penalties that

undermine DQN in more volatile environments. In mixed training environments,

prior knowledge injection shows less significant improvement because training

already incorporates both slow and fast glucose dynamics, inherently encouraging

context-sensitive policy adaptation.

The above findings highlight the algorithm-specific and task-dependent nature

of embedding prior knowledge. With extensive experiments on adding or removing

prior knowledge, DQN w/o prior training on the child environments stands out as

the best SRA due to its superior overall performance on the evaluation environments,

outperforming its variants with prior knowledge and all PPO SRAs. Analysis shows

that blindly applying prior knowledge to SRAs can lead to counterproductive

results and pose challenges when generalised to a wider range of patient groups.

These observations naturally lead us to ask: Can LLMs address these challenges

with less manual effort?

7.5.2 Comparison between LLMs and SRAs

The comparative evaluation between LLMs and the best SRA (i.e., DQN trained on

‘child’ patient environments) reveals several nuanced insights, as shown in Figure

7.2. Without any finetuning, certain LLMs can achieve performance on par with or

even surpassing the best-trained SRAs. In terms of overall return, Qwen2.5 models

with 7B, 14B, and 32B parameters achieved 62.8%, 62.1%, and 62.3%, respectively,

demonstrating the strong zero-shot capabilities of recent LLMs. The advantages of

LLMs are primarily driven by superior performance in the adult cohort. In adult

evaluation, both the Llama and Qwen2.5 models can overperform the best SRA

(78.1%) when the parameter size is greater than 1B. In contrast, across tasks for

adolescents and children where physiological dynamics are more volatile, none of

the LLM variants outperformed the best-performing SRA.
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Figure 7.2: LLMs’ normalised return performance compared with the best SRA model
(i.e., DQN trained on child environments without prior knowledge) on each sub-evaluation
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spectrum represents the Qwen2.5 series, respectively. A lighter colour denotes a larger
parameter size (in billions).

7.5.3 Analysis of LLM Treatment Behaviour

To better understand the mechanisms behind the clinical decision-making of LLMs,

we examine how the model family, the parameter scale, the decoding temperature,

and the prompt method influence the insulin dosing behaviour.
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Figure 7.3: Comparison of insulin dosing performance across LLM families (Qwen2.5
and LLaMA3) for different temperature settings.

Impact of Model Family, Sampling Temperature and Parameter Scaling

We evaluated performance variations across different families and sizes of models,

presented in Figure 7.3. The Qwen2.5 model family consistently outperforms
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the LLaMA3 series across all parameter sizes evaluated, suggesting that intrinsic

architectural differences or specific training methodologies significantly influence

clinical decision-making capabilities.

We compare deterministic decoding (temperature = 0) with stochastic decoding

(temperature = 0.7), where a higher temperature introduces more randomness into

the token sampling process. At temperature 0.7, the models consistently produce

more diverse responses, yielding superior results compared to the more rigid and

repetitive output generated at temperature 0.0. This aligns with observations

from other LLM application domains [288].

Clear parameter-scaling trends are observed on both Qwen2.5 and Llama from

1B to 7B, but no further improvement is observed from 7B to 70B. This finding

is contradictory to common natural language tasks [289], where the scaling law

is typically a log-like curve.
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Influence of Prompting Strategies on Performance To derive a deeper

observation of the behaviour of smaller LLMs versus their larger variants, we

analyse the scaling trend under various prompt methods, as illustrated in Figure 7.4.

Incorporating explicit prior knowledge (i.e., ‘w/ prior’, in orange) into the prompt
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Figure 7.5: Detailed analysis of CoT prompting effects on insulin dosing performance
within the Qwen2.5 family. Temperature is set to 0.7. Each column corresponds to
the evaluation result for adult (easy), adolescent (medium), child (hard), and overall,
respectively. Each row of plots indicates a different evaluation metric, naming normalised
return, TIR, survival rate and dosage (See Section 7.3). The x-axis for each subplot
indicates the parameter size of the Qwen2.5 model being reported. On the legend, ’w/
prior’ means prior knowledge zero-shot prompt and ’w/ prior+CoT’ means prior knowledge
zero-shot-CoT prompt.

significantly improves the performance of the policy for both model families, with

the improvement being particularly significant for Qwen2.5. Interestingly, chain-

of-thought (CoT) with prior knowledge (i.e., ’w/ prior+CoT’) prompting yields

divergent results. For the LLaMA3 family, CoT with prior knowledge generally

enhances treatment outcome, while for Qwen2.5, CoT with prior knowledge tends

to degrade performance, especially in models exceeding 10B parameters. This

unexpected finding challenges conventional wisdom drawn from general-purpose

reasoning tasks, where CoT typically improves outcomes.

In-depth Analysis of Chain-of-Thought Prompting Focussing exclusively

on the Qwen2.5 family at a fixed decoding temperature of 0.7, we provide a detailed

analysis of the nuanced effects of CoT prompting (Figure 7.5). Shown in the last
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Figure 7.6: Effects of incorporating meal intake information into CoT prompts on
insulin dosing performance. Temperature is set to 0.7. Each column corresponds to the
evaluation result for adult, adolescent, child, and overall, respectively. Each row of plots
indicates a different evaluation metric, naming normalised return, TIR, survival rate and
dosage (See Section 7.3). The x-axis for each subplot indicates the parameter size of
the Qwen2.5 model being reported. On the legend, ’w/ prior’ means prior knowledge
zero-shot prompt, ’w/ prior+CoT’ means prior knowledge zero-shot-CoT prompt and
’w. Prior+meal-cot’ means the zero-shot CoT prompt with prior knowledge and meal
information.

row of Figure 7.5, explicit CoT prompts frequently result in overly aggressive insulin

dosing strategies. Although this aggressiveness leads to improved time-in-range

metrics during periods of stable glucose (second row in Figure 7.5), it concurrently

increases severe hypoglycaemic episodes, thus reducing overall survival rates and

normalised returns (see the first and third rows in Figure 7.5). Larger models

mitigate these adverse effects through improved reasoning capabilities, suggesting

that CoT prompts’ efficacy critically depends on both task complexity and model

scale. When comparing each column, it is shown that LLM tends to recommend

less insulin to children than the other two strata.
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Evaluating the Impact of Incorporating Meal Information. To explore

further improvements in clinical reasoning, we assess the inclusion of meal intake

information in CoT prompting (Figure 7.6). First, enriching the prompt with explicit

meal-related reasoning (“Prior + meal-CoT”, red curves) consistently harms, rather

than helps, the two smaller models (7 B and 13 B). Normalised return, time-in-

range, and survival all decline relative to the simpler prior knowledge zero-shot

baseline, while insulin dosage increases, indicating that the added reasoning chain is

misinterpreted and translated into unnecessarily aggressive interventions. Secondly,

the largest model (70 B) is able to absorb most of this complexity penalty. Its red

curve returns to parity with the green (“w/ prior+CoT”) and orange baselines, but

still fails to produce a systematic gain. In all capacities, there is no metric for which

meal-based prompting delivers a statistically significant improvement.

Overall, the analysis indicates that while larger LLMs can ‘undo’ the performance

drop caused by the specified meal reasoning prompt, they do not convert the hint

of hidden variables into better glycaemic control. Therefore, latent-state inference

of meal effects remains an unsolved challenge, and future work will need to look

beyond prompt engineering to realise further clinical gains.

Behavioural Analysis of Model Responses We extend our analysis to be-

havioural patterns resulting from CoT prompting in the 7B (see Figure 7.7 and

Figure 7.8) and 72B (see Figure 7.9 and Figure 7.10) parameter models. In

the smaller 7B model, CoT prompts produce more reactive dosing strategies

that dynamically adjust insulin rates according to glucose levels, resulting in

improved short-term glucose control. However, these reactive policies also frequently

lead to cumulative insulin overdoses, increasing hypoglycemic risk and reducing

overall clinical outcomes. Specifically, the 7B model demonstrates an overly

aggressive response to transient hyperglycaemic episodes, resulting in rapid insulin

escalation and subsequent hypoglycaemic events. This behaviour indicates a limited

ability to accurately estimate long-term insulin effects and highlights sensitivity

to the instructional clarity of the prompt structure. In contrast, the larger 72B
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Figure 7.7: Insulin administration, glucose and risk behaviours for Qwen2.5-7B model
under CoT and zero-shot prompting with prior knowledge system prompt. The shaded
areas mean the 95% confidence interval derived by bootstrapping. The x-axis is the
elapsed time step. Each column corresponds to the evaluation result for adult, adolescent
and child, respectively. The shaded areas mean the 95% confidence interval derived by
bootstrapping.
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Figure 7.8: Insulin administration as a function of current observed glucose measurement
for Qwen2.5-7B model under CoT and zero-shot prompting with prior knowledge system
prompt. Notation is the same as Figure 7.7.

model inherently recognises glucose-dose relationships even in zero-shot scenarios,

suggesting an intrinsic understanding of physiological insulin dynamics. The

introduction of CoT further reinforces this understanding, allowing for a nuanced

dosage adjustment more closely aligned with clinical guidelines. Critically, the

increased complexity of CoT does not significantly increase hypoglycemic risks,

demonstrating a robust enough model capacity to effectively balance aggressive

glucose control against safety constraints.
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Figure 7.9: Insulin administration, glucose and risk behaviours for Qwen2.5-72B model
under CoT and zero-shot prompting with prior knowledge system prompt. The shaded
areas mean the 95% confidence interval derived by bootstrapping. The x-axis is the
elapsed time step. Each column corresponds to the evaluation result for adult, adolescent
and child, respectively. The shaded areas mean the 95% confidence interval derived by
bootstrapping. When the shaded area does not show, it means the sample size is too
small to present the confidence interval. The mean is used without a confidence interval
in such cases.

50 100 150 200 250 300 350 400
Blood Glucose Concentration (mg/dL)

0

2

4

6

8

In
su

lin
 (u

/h
r)

Adult
Prompt Method

w/ prior + CoT
w/ prior

50 100 150 200 250 300 350 400
Blood Glucose Concentration (mg/dL)

0

2

4

6

8

In
su

lin
 (u

/h
r)

Adolescent

50 100 150 200 250 300 350 400
Blood Glucose Concentration (mg/dL)

0

2

4

6

8

In
su

lin
 (u

/h
r)

Child

Figure 7.10: Insulin administration as a function of current observed glucose measure-
ment for Qwen2.5-72B model under CoT and zero-shot prompting with prior knowledge
system prompt. Notation is the same as Figure 7.7
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7.6 Failure Modes of Chain-of-Thought Reason-
ing

In this section, we analyse common failure modes of CoT reasoning when applied

to insulin dosing in paediatric patients with Type 1 Diabetes. We focus on two

illustrative case studies and supplement them with broader behavioural trends

observed during the evaluation. The outputs of the Qwen2.5-7B and Qwen2.5-72B

models are compared with the same prior knowledge and meal-CoT prompt.

7.6.1 Case Study 1: Reasoning for Initial Dosage

Day 1, Time: 05:00:00 (initial measurement), glucose: 159.86 mg/dL, insulin rate: 0.0000 unit/hour, 
insulin dose: 0.00 unit.
### Step-by-Step Analysis
1. **Initial Glucose Level and Time of Day**:

- **Glucose Level**: 159.86 mg/dL (slightly above the target range of 70-140 mg/dL).
- **Time**: 05:00:00 (early morning).

2. **Correction Factor (CF)**:
- The Correction Factor (CF) is the amount of glucose (in mg/dL) that 1 unit of insulin will lower the 

blood glucose level. For a 9-year-old, a common CF is around 50 mg/dL per unit of insulin.
- **CF**: 50 mg/dL/unit.

3. **Total Daily Insulin (TDI)**:
- The Total Daily Insulin (TDI) is the total amount of insulin the patient requires in a day. For a 9-

year-old, a typical TDI might be around 0.5 to 1.0 units/kg/day. Assuming the patient weighs around 30 kg, 
the TDI would be:

- **TDI**: 0.5 * 30 = 15 units/day to 1.0 * 30 = 30 units/day.
4. **Current Glucose Level and Target**:

- **Current Glucose**: 159.86 mg/dL.
- **Target Range**: 70-140 mg/dL.
- **Desired Glucose Level**: Midpoint of the target range, approximately 105 mg/dL.

5. **Correction Dose Calculation**:
- **Correction Needed**: 159.86 - 105 = 54.86 mg/dL.
- **Insulin Dose for Correction**: 54.86 / 50 = 1.0972 units.

6. **Insulin Rate for 15 Minutes**:
- The insulin dose needs to be administered over the next 15 minutes. The rate is calculated as:
- **Rate**: 1.0972 units / (15/60) hours = 4.39 units/hour.

7. **Consideration of Time of Day and Potential Food Intake**:
- **Time of Day**: Early morning (05:00:00). The patient is likely not eating at this time, so no meal 

effect is expected.
- **Insulin Stacking**: Since the patient has not received any insulin yet, there is no insulin 

stacking to consider.
8. **Final Decision**:

- Given the slight elevation in glucose levels and the lack of immediate food intake, a moderate 
insulin rate is appropriate to bring the glucose levels back into the target range without causing a rapid 
drop.
### Final Insulin Rate
<ans>4</ans>

Carbohydrate Factor (CF) :  42.72
Correction Ratio (CR)    :  25
Total Daily Insulin (TDI):  17.47

Patient Info

You are a clinical specialist responsible for managing patients with Type-1 Diabetes. Your primary objective is to maintain the patient's blood glucose levels 
within the safe range of **70-140 mg/dL** by administering appropriate insulin doses.
…

Prior Knowledge System Prompt

### Observations
You are treating a 9 year old patient.
Day 1, Time: 05:00:00 (initial measurement), glucose: 164.02 mg/dL, insulin rate: 0.0000 unit/hour, insulin dose: 0.00 unit.
### Request
Determine the optimal insulin rate for the current 15-minute interval to maintain a patient's blood glucose levels within the safe range of 70-140 mg/dL. First, analyse the current state step-by-step by estimating Correction Factor(CF) and 
Total Daily Insulin(TDI) . If the patient has taken any meal, you must consider the meal effect. Finally, you must choose a dosage value enclosed in answer tags (i.e., <ans> and </ans>]), for example, <ans>0</ans>, without any non-numerical 
word. Let's think step by step.

### Step 1: Determine the Correction Factor (CF)
The Correction Factor (CF) is the amount of insulin required to lower blood glucose levels by 100 mg/dL. It is usually estimated
based on the patient's insulin sensitivity.
Since the patient's age is 9 years old, we can assume a typical correction factor for this age group. A common assumption is that a 
child's CF is around 0.5 units per 100 mg/dL.
### Step 2: Estimate the Total Daily Insulin (TDI)
The Total Daily Insulin (TDI) is the amount of insulin the patient needs to maintain their blood glucose levels within the target 
range. It is usually estimated based on the patient's age, weight, and activity level.
For a 9-year-old child, a common TDI range is around 0.5 to 1 unit per kg of body weight per day. Assuming an average weight of 30 
kg for a 9-year-old child, the TDI would be around 15 to 30 units per day.
### Step 3: Analyze the Current State
Given the initial glucose level of 164.02 mg/dL, which is above the target range of 70-140 mg/dL, we need to determine the insulin 
dose required to bring the glucose level down to within the target range.
### Step 4: Calculate the Insulin Dose
Using the Correction Factor (CF) and the estimated TDI, we can calculate the insulin dose required to lower the glucose level to
within the target range.
Insulin Dose = (Glucose Level - Target Range) / Correction Factor
Since the target range is 70-140 mg/dL, we can choose a target range of 80-120 mg/dL for simplicity.
Insulin Dose = (164.02 - 80) / 0.5
Insulin Dose = 164.02 / 0.5
Insulin Dose = 32.804 units
### Step 5: Choose the Optimal Insulin Rate
Considering the insulin dose calculated above, we need to choose an optimal insulin rate for the current 15-minute interval. Since 
the patient's insulin rate is currently 0.0000 unit/hour, we can assume that the insulin dose will be administered over the next 15 
minutes.
To convert the insulin dose to an insulin rate, we can use the following formula:
Insulin Rate = Insulin Dose / 15 minutes
Insulin Rate = 32.804 units / 15 minutes
Insulin Rate = 2.187 units/minute
Since the rate range is [0 to 9] units/hour, we need to convert the insulin rate to units/hour:
Insulin Rate = 2.187 units/minute * 60 minutes/hour
Insulin Rate = 131.22 units/hour
However, this value exceeds the upper limit of the rate range. Therefore, we need to choose a lower value within the rate range.
Considering the patient's age and the insulin dose calculated above, a reasonable insulin rate for the current 15-minute interval 
could be:
<ans>5</ans>

Qwen2.5-7B-Instruct Qwen2.5-72B-Instruct

Patient: Child
Age    : 9
Step   : 0

Observation

Figure 7.11: Comparing Qwen2.5 7B and 72B model response on a child patient on step
0 under meal CoT prompt with prior knowledge. The system prompt and observation are
identical, and responses are shown side by side.

We first examine a controlled single-step dosing scenario to evaluate how language

models respond to an initial hyperglycaemic state with minimal context (see

Figure 7.11). The virtual patient is a nine-year-old child whose initial glucose

level at 05:00 is 164.02 mg/dL. Insulin has not been administered before this point,

and no meal intake is recorded. The optimal strategy, derived from the ground

truth of the simulator, involves calculating a correction dose based on an estimated

correction factor of 25 mg/dL per unit and a total daily insulin of 17.47 units. This

corresponds to a correction dose of approximately 2.36 units.
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The Qwen2.5-7B model exhibits a clear reasoning failure. It begins by estimating

an implausible CF of 0.5 units per 100 mg/dL and proceeds to subtract this from a

target glucose level of 80 mg/dL. This leads to a highly exaggerated correction dose

that exceeds 30 units. The model then calculates a per-hour dose exceeding 130

units/hour, which it subsequently clips to 5 units/hour in the final answer. Although

the final output appears clinically plausible, it is numerically disconnected from

the preceding reasoning trace. The model does not validate its recommendation

against its own TDI estimate, nor does it apply any internal consistency constraints

that would be expected in a clinical dose calculation. This illustrates a form of

arithmetic hallucination, in which each individual step may appear locally coherent,

but the overall logic is conceptually invalid and yields dangerous recommendations.

In contrast, the Qwen2.5-72B model produces a more restrained response. It

estimates a CF of 50 mg/dL per unit, computes a correction dose of approximately

1.1 units, and derives an insulin rate of 4.39 units/hour, which is then rounded to

4.0. This outcome is physiologically reasonable and demonstrates a basic alignment

with the underlying insulin-glucose dynamics. However, the model still underdoses

the patient relative to the optimal dose derived from the simulator, reflecting

a conservative bias when uncertainty exists. Although the internal calculations

are more plausible than those of the smaller model, the final recommendation

remains somewhat decoupled from the model’s own TDI estimate and lacks any

mechanism for deferred or conditional action.

7.6.2 Case Study 2: Reasoning on Glucose Trends and
Delayed Effects

The second scenario evaluates model behaviour in a temporally extended setting

involving multiple insulin interventions, a recorded meal, and a non-linear glucose

trend. The virtual patient is again the nine-year-old child reported in Section 7.6.1.

A meal event is recorded at 05:30, and insulin doses are administered at varying

rates between 0.0 and 9.0 units/hour over the following six time steps.
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### Step-by-Step Analysis
1. **Current Glucose Level and Trend**:

- **Current Glucose**: 124.84 mg/dL
- **Previous Glucose**: 112.03 mg/dL (15 minutes ago)
- **Trend**: Increase of 12.81 mg/dL over 15 minutes

2. **Insulin Administration**:
- **Current Insulin Rate**: 2.5 units/hour
- **Previous Insulin Rate**: 2.0 units/hour
- **Insulin Dose**: 0.62 units over the last 15 minutes

3. **Meal Effect**:
- The patient ate at 06:15:00, which likely contributed to the rise in glucose levels.

4. **Correction Factor (CF)**:
- CF is the amount of glucose (in mg/dL) that 1 unit of insulin typically lowers. It can be estimated using the 1800 rule for Type 1 

Diabetes: 
\text{CF} = \frac{1800}{\text{Total Daily Insulin (TDI)}}

- Since we don't have the TDI, we can estimate it based on the current insulin rate and the observed glucose trend. The patient is
currently on 2.5 units/hour, which suggests a moderate insulin requirement.
5. **Total Daily Insulin (TDI)**:

- A rough estimate for a 9-year-old might be around 0.5 to 1.0 units/kg/day. Assuming an average weight of 30 kg, TDI could be:
\text{TDI} = 30 \text{ kg} \times 0.75 \text{ units/kg/day} = 22.5 \text{ units/day}

- Using the 1800 rule:
\text{CF} = \frac{1800}{22.5} \approx 80 \text{ mg/dL per unit}

6. **Insulin Dose Calculation**:
- **Target Glucose**: 120 mg/dL (midpoint of the safe range)
- **Current Glucose**: 124.84 mg/dL
- **Difference**: 124.84 - 120 = 4.84 mg/dL
- **Insulin Needed to Correct**: 

\text{Insulin Needed} = \frac{4.84 \text{ mg/dL}}{80 \text{ mg/dL/unit}} \approx 0.06 \text{ units}
- **Current Insulin Rate**: 2.5 units/hour
- **Adjustment**: Since the glucose is slightly above the target and the trend is increasing, we can slightly increase the insulin rate to 

counteract the meal effect and bring the glucose back to the target range.
7. **Final Decision**:

- **New Insulin Rate**: 3.0 units/hour (a moderate increase to counteract the meal effect and bring glucose back to target)
### Answer
<ans>3.0</ans>

Carbohydrate Factor (CF) :  42.72
Correction Ratio (CR)    :  25
Total Daily Insulin (TDI):  17.47

Patient Info

You are a clinical specialist responsible for managing patients with Type-1 Diabetes. Your primary objective is to maintain the patient's blood glucose levels 
within the safe range of **70-140 mg/dL** by administering appropriate insulin doses.
…

Prior Knowledge System Prompt

### Observations
You are treating a 9year old patient.
Day 1, Time: 05:00:00 (initial measurement), glucose: 164.02 mg/dL, insulin rate: 0.0000 unit/hour, insulin dose: 0.00 unit.
Day 1, Time: 05:15:00, glucose: 163.42 mg/dL, insulin rate: 3.0000 unit/hour, insulin dose: 0.75 unit.
Day 1, Time: 05:30:00, glucose: 161.53 mg/dL, insulin rate: 9.0000 unit/hour, insulin dose: 2.25 unit, the patient eats.
Day 1, Time: 05:45:00, glucose: 183.25 mg/dL, insulin rate: 1.0000 unit/hour, insulin dose: 0.25 unit.
Day 1, Time: 06:00:00, glucose: 180.17 mg/dL, insulin rate: 0.0000 unit/hour, insulin dose: 0.00 unit.
Day 1, Time: 06:15:00, glucose: 157.88 mg/dL, insulin rate: 0.0000 unit/hour, insulin dose: 0.00 unit.
Day 1, Time: 06:30:00, glucose: 126.18 mg/dL, insulin rate: 0.3000 unit/hour, insulin dose: 0.08 unit.
Day 1, Time: 06:45:00, glucose: 96.04 mg/dL, insulin rate: 0.0000 unit/hour, insulin dose: 0.00 unit.
### Request
Determine the optimal insulin rate for the current 15-minute interval to maintain a patient's blood glucose levels within the safe range of 70-140 mg/dL. First, analyse the current state step-by-step by estimating Correction Factor(CF) and 
Total Daily Insulin(TDI) . If the patient has taken any meal, you must consider the meal effect. Finally, you must choose a dosage value enclosed in answer tags (i.e., <ans> and </ans>]), for example, <ans>0</ans>, without any non-numerical 
word. Let's think step by step.
###Answer

Qwen2.5-7B-Instruct Qwen2.5-72B-Instruct

Patient: Child
Age    : 9
Step   : 7

### Analysis of the Current State
#### 1. **Estimate Correction Factor (CF) and Total Daily Insulin (TDI)**
- **Correction Factor (CF)**: ACF = 100 / Glucose level in mg/dL
- **Total Daily Insulin (TDI)**: TDI = CF * Daily insulin requirement
#### 2. **Estimate Daily Insulin Requirement**
- **Insulin Sensitivity**: ACF = 100 / Glucose level in mg/dL
- **Daily Insulin Requirement**: Daily insulin requirement = ACF * Target glucose 
level
- **Target glucose level**: 120 mg/dL
#### 3. **Estimate TDI**
- **Target glucose level**: 120 mg/dL
- **ACF**: ACF = 100 / 120 = 0.83
- **Daily insulin requirement**: Daily insulin requirement = 0.83 * 120 = 99.6 
units
- **TDI**: TDI = 99.6 units
#### 4. **Estimate CF**
- **ACF**: ACF = 100 / 120 = 0.83
- **CF**: CF = 0.83
#### 5. **Estimate Insulin Rate**
- **Insulin rate**: Insulin rate = CF * TDI / 24
- **Insulin rate**: Insulin rate = 0.83 * 99.6 / 24 = 3.34 units/hour
#### 6. **Estimate Meal Effect**
- **Meal effect**: The patient eats at 05:30:00, so the meal effect is considered.
- **Meal effect**: The meal effect is estimated to be 0.5 units/hour.
#### 7. **Determine Optimal Insulin Rate**
- **Optimal insulin rate**: Optimal insulin rate = Insulin rate - Meal effect
- **Optimal insulin rate**: Optimal insulin rate = 3.34 - 0.5 = 2.84 units/hour
### Optimal Insulin Rate
The optimal insulin rate for the current 15-minute interval is 2.84 units/hour.

Figure 7.12: Comparing Qwen2.5 7B and 72B model response on a child patient on step
7 under meal CoT prompt with prior knowledge. The system prompt and observation are
identical, and responses are shown side by side. Texts highlighted in yellow denote wrong
estimations.

The Qwen2.5-7B model fails to produce a coherent or physiologically plausible

recommendation. It estimates the TDI using an incorrect and circular formula in

which it multiplies a target glucose level by a fraction involving the same target

value. This yields an inflated TDI of 99.6 units per day, approximately six times

the true requirement for the patient. Based on this estimate, it derives a CF

of 0.83 mg/dL per unit and calculates a correction dose of 3.34 units. Despite

acknowledging the presence of a residual meal effect, the model merely subtracts a

fixed offset of 0.5 units/hour and recommends a final insulin rate of 2.84 units/hour.

This recommendation is aggressive and poorly justified, especially since the glucose

value is within the safe range and trending downward. The model does not refer

to or incorporate prior insulin administration, nor does it reason about possible

insulin stacking or delayed pharmacodynamic effects.

The Qwen2.5-72B model performs better in terms of internal numerical consis-

tency, but still fails to apply clinically appropriate decision logic. It estimates a

TDI of 22.5 units and a CF of approximately 80 mg/dL per unit. It recognises that

the glucose level has decreased over time after a meal, and it acknowledges that the
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current glucose level lies within the safe range. However, the model recommends

increasing the insulin rate from 2.5 to 3.0 units/hour. This decision is based on a

short-term increase in glucose between two adjacent time points, but it does not take

into account the broader temporal context. Specifically, the recent increase in glucose

is a transient fluctuation following a meal and is likely to self-correct due to existing

insulin exposure. The model does not explicitly reason about cumulative insulin

effects or the appropriate time lag between administration and glucose response.

7.6.3 Summary of Findings on Case Studies

Our case studies suggest that while CoT enables LLMs to simulate structured clinical

reasoning, it also introduces characteristic errors. These errors often emerge not from

model incapacity alone, but from the way CoT prompts compel deterministic, single-

step answers in a domain that requires cautious, temporally-aware reasoning. To

organise these insights, we group the observed failures into the following categories:

• Arithmetic Hallucination The model performs invalid or circular arithmetic

operations, often producing superficially coherent but numerically incorrect

results. These errors typically arise from misapplied formulas or misinterpreted

clinical heuristics during chain-of-thought reasoning.

• Lack of Temporal Abstraction The model fails to incorporate relevant

treatment and meal history, such as insulin stacking or the delayed pharma-

codynamic effects of meals and insulin. It tends to overreact to short-term

glucose fluctuations while ignoring broader temporal trends, resulting in

reactive rather than anticipatory control. This limitation reflects the absence

of multi-step planning or memory in the decision-making process.

• Aggressive Dosing Under Uncertainty In early or ambiguous states,

where glucose trends have not yet stabilised, the model frequently recommends

excessive insulin doses. This behaviour increases the risk of hypoglycaemia

and contrasts with human clinical intuition, which generally favours cautious

observation before intervention under uncertainty.
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• Inconsistent Internal Reasoning The model’s intermediate reasoning steps

often contain internal contradictions or fail to constrain the final output. For

example, estimated total daily insulin requirements may not align with the

recommended dose, suggesting a lack of internal logical coherence across the

reasoning trace.

7.7 Discussion

This chapter provides an exploratory but rigorous evaluation of LLMs as DTR

agents for insulin administration in Type 1 diabetes within an in silico environment.

Our findings provide several insights critical to assessing the potential of LLMs

in clinical decision-making. Firstly, our experiments demonstrate that certain

smaller-scale LLMs, notably the Qwen2.5-7B model, can achieve performance

comparable to extensively trained RL agents under zero-shot inference. This

highlights a remarkable efficiency advantage of LLMs, as they do not require

interaction-intensive, environment-specific training, positioning them as promising

candidates for rapid deployment in clinical decision-support scenarios. Interestingly,

our results do not confirm a consistent parameter-scaling law in clinical DTR tasks

despite the expectations of the broader literature on LLMs. Larger-scale models,

such as the Qwen2.5 7B, did not produce significant performance improvements

over their smaller counterparts. Specifically, models from the Qwen2.5 family

consistently outperformed those from the LLaMA3 family, indicating that the

pre-training quality of foundation models has a substantial influence on clinical

decision-making capabilities.

Our investigation of prior knowledge injection strategies revealed contrasting

outcomes depending on the underlying RL algorithm. For off-policy algorithms

(DQN), embedding prior knowledge significantly improved performance in stable

environments but negatively impacted volatile conditions, illustrating the context-

sensitive nature of knowledge incorporation. In contrast, PPO, an on-policy

algorithm, benefited modestly but consistently across environments from implicit

expert-guided exploration. These results highlight the complexity of effectively
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embedding clinical heuristics in RL agents, reinforcing the potential advantage

of LLMs, which naturally incorporate prior knowledge through intuitive natural

language prompting.

A particularly unexpected finding refers to the effectiveness of the Chain-of-

Thought prompting method. Unlike general-purpose tasks, where CoT consistently

improves reasoning performance, in insulin dosing scenarios, CoT prompts led to

mixed outcomes. For smaller models, CoT induced an overly aggressive insulin

dosing, which improved short-term glucose control at the expense of increased

hypoglycemic episodes, thus reducing overall clinical efficacy. Larger models

mitigated but did not eliminate these adverse effects, indicating that CoT prompts,

while beneficial for human readability, must be carefully tuned to clinical contexts

to avoid unintended risks.

Efforts to explicitly incorporate latent variables such as meal intake into LLM

reasoning yielded minimal additional benefit, suggesting a current limitation in

LLMs’ ability to infer complex, partially observable physiological dynamics purely

through text-based prompts. This finding highlights a critical area for future re-

search: the potential integration of explicit physiological models or structured hybrid

prompting techniques to further enhance the interpretative capabilities of LLMs.

Finally, our detailed case study of failure modes in CoT reasoning emphasises

the risks associated with relying solely on linguistic coherence and structured

logic. Despite producing fluent and syntactically well-formed reasoning steps,

LLMs often exhibited fundamental clinical errors, such as misinterpreting glucose

trends, overestimating insulin requirements, or failing to account for delayed

pharmacodynamic effects. The contrast between LLM-generated decisions and

standard clinical practice, where deferred intervention is often a safer and more

appropriate choice, highlights a critical gap in the temporal and probabilistic

reasoning capabilities of current LLMs. This limitation underscores the need for

further research into prompt designs that support multi-step planning, uncertainty

awareness, and dynamic policy modulation based on evolving patient states.
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In summary, our investigation highlights the substantial potential of LLM as

interpretable, efficient, and scalable agents for clinical decision support in dynamic

treatment scenarios. However, realising this potential requires meticulous validation,

context-sensitive prompt engineering, and potentially targeted fine-tuning. These

findings advocate for a cautious, yet optimistic outlook on integrating LLMs into

clinical workflows, highlighting the need for rigorous empirical evaluations to ensure

safety and efficacy in practical healthcare settings.



8
Conclusion

This thesis aimed to answer a central question: Can reinforcement learning and

other AI methods be used to develop clinically safe, personalised, and generalisable

dynamic treatment regimes? Although the conceptual promise of DTRs is long

recognised, their practical implementation remains limited by key barriers, most

notably, challenges in evaluation, the fragility of learnt policies in real-world data,

and the need for interpretable, scalable, and equitable solutions. To address these

issues, this thesis followed a four-part investigation: (1) building clinically grounded

simulations for controlled benchmarking; (2) re-evaluating offline RL methods in

sepsis care with a focus on reward design and evaluation variance; (3) applying RL

to a high-stakes real-world clinical task of insulin dosing; and (4) exploring LLMs

as an alternative, minimalist approach for treatment planning. Together, these

studies offer methodological insights, practical tools, and a critical framework for

advancing the next generation of AI-driven decision support in healthcare.

8.1 Summary of Results

8.1.1 An in silico Environment and Benchmark Platform
for Reinforcement Learning Based Dynamic Treat-
ment Regime

Motivated by the limitations of real-world clinical data, this thesis began with the

development of a simulation benchmark to rigorously test RL algorithms under

controlled but clinically meaningful conditions. DTR-Bench is introduced as a

149
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modular platform that enables systematic manipulation of key environmental factors,

including stochastic dynamics, missingness, and pharmacokinetic/pharmacodynamic

variability. The goal is to evaluate whether the RL methods could maintain stable

performance across increasingly complex and realistic decision-making scenarios.

The benchmark experiments revealed a critical insight. Algorithm performance

rankings are highly sensitive to the underlying structure and variability of the

environment. In particular, no single RL method consistently outperformed others

across all variants. This result challenges the assumption that models evaluated

under idealised or stationary conditions can be reliably translated into clinical

settings. One notable finding is that recurrent architectures, which are often

preferred for sequential modelling, did not offer consistent advantages, especially

in environments where the transition dynamics adhered strictly to a first-order

Markov process (i.e., the OberstSepsis environment). This highlights the importance

of aligning model architecture with environment structure, rather than assuming

temporal complexity by default. The aforementioned findings highlight the need

to evaluate RL agents not only by their average performance in simulations,

but also by their robustness across a range of clinically relevant perturbations.

Without such stress-testing, there is a risk of overfitting to oversimplified training

environments and drawing misleading conclusions about model reliability. DTR-

Bench addresses this gap by serving as both a training ground and an adversarial

evaluation platform, enabling researchers to better understand the failure modes

of RL agents under realistic assumptions. As an open-source and extensible tool,

it provides a foundation for reproducible and principled benchmarking in future

work on AI-driven treatment strategies.

8.1.2 A Critical Re-examination of Reinforcement Learning-
Based Dynamic Treatment Regime

Following the simulation-based analysis, the next phase of this thesis focused on

whether offline RL can produce clinically meaningful treatment strategies on real-

world data. Although the literature has reported promising results in this area,
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closer inspection reveals that many existing studies rely on limited evaluation

setups, inconsistent baselines, and unvalidated estimators. These practices raise

questions about the robustness, reproducibility, and clinical credibility of offline

RL in practice. To address this, a comprehensive re-evaluation is conducted

using a unified pipeline on the MIMIC-III sepsis cohort. The study introduced

consistent reward definitions, incorporated strong supervised learning baselines,

and applied multiple OPE estimators, focusing on variance and calibration. This

enabled a more controlled comparison across models, reducing the confusion caused

by implementation differences.

The key finding shows that policy rankings are sensitive to the formulation

of rewards, behavioural policy estimation, and subgroup stratification. In many

settings, supervised learning models, despite lacking return optimisation, matched or

outperformed RL agents in some estimation metrics. These results do not invalidate

the potential of RL, but reveal how fragile apparent gains can be when the evaluation

is noisy or misaligned with clinical priorities. Furthermore, stratified analyses reveal

that model performance can vary significantly across patient subgroups, underscoring

the need for equity-aware evaluation in AI for healthcare. This study also highlights

the importance of methodological discipline in offline RL for dynamic treatment

regimes. Without standardised evaluation protocols, calibrated behaviour models,

and meaningful baselines, it is difficult to draw trustworthy conclusions. The work

concludes with a set of practical recommendations for future studies, including the

routine use of stratified baselines, sensitivity checks for reward and estimator design,

and transparent reporting of evaluation variance. These practices are essential for

transitioning from proof-of-concept RL applications to clinically credible systems.

8.1.3 Towards Safer Insulin Dosing in the ICU: Hypogly-
caemia Prediction and Offline Insulin Optimisation

The third study focused on a high-stakes clinical problem, hypoglycaemia prediction

and intravenous insulin dosing in the ICU. Managing glucose levels in critically

ill patients is complex and time-sensitive, with both under- and over-treatment
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posing significant risks. This task provided an ideal testbed to assess whether RL,

combined with high-frequency observational data, could support safer and more

personalised insulin dosing decisions. To enable this, a new dataset is curated

from the MIMIC-III database, capturing dense physiological measurements, insulin

administration records, and clinical context for a large and diverse cohort of ICU

patients. The study developed supervised and reinforcement learning approaches

to predict both hypoglycaemic risk and optimise insulin dosing offline, using a

new proposed OPE ensemble.

Key findings suggest that, under well-curated pipelines and conservative evalua-

tion frameworks, offline RL agents can approximate retrospective clinician policies

in terms of glycaemia safety. Beyond performance, the study highlights several

methodological insights: (1) rich temporal modelling improves risk prediction;

(2) prior treatment history is essential for reliable policy learning; and (3) con-

servative evaluation methods, such as ensemble bootstrapping, are critical for

safe model evaluation.

8.1.4 Evaluation of Large Language Models in Dynamic
Treatment Regimes

The final study in this thesis revisits a long-standing challenge in dynamic treatment

planning: how to incorporate clinical knowledge into reinforcement learning agents.

Initial attempts to guide small RL models using expert priors showed limited success.

Performance gains are highly sensitive to environmental dynamics and task volatility.

This motivated us to think whether large language models can serve as treatment

planners by leveraging their internalised clinical knowledge through natural language

prompts. To evaluate this, we tested several LLMs in a zero-shot insulin control

task using the SimGlucose environment for Type 1 diabetes. Surprisingly, the

Qwen2.5-7B model performed comparably to the best-trained small RL agent,

despite not requiring task-specific fine-tuning. The results also revealed critical

limitations in LLMs. Despite producing fluent and well-structured natural language

output, LLMs often fail to provide reliable clinical reasoning. We used two case
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studies to demonstrate systematic errors in Chain-of-thought, including overdosing,

unit confusion, and unsafe timing of insulin delivery. These errors highlight the

gap between verbal coherence and clinically sound decision-making.

In summary, this study suggests that LLMs offer a promising new paradigm

for dynamic treatment planning. Their zero-shot ability to encode and apply prior

knowledge through natural language makes them an attractive option in low-resource

or rapidly evolving scenarios. However, the current limitations of LLM in temporal

reasoning, uncertainty awareness, and dose safety highlight that reinforcement

learning remains irreplaceable for optimising the dynamic treatment regime.

8.2 Methodological Contributions

This thesis contributes a suite of tools, datasets, and methodological insights

for the development and evaluation of AI-driven dynamic treatment regimes.

These contributions span simulation, evaluation, real-world deployment, and novel

paradigms for treatment planning:

(1) DTR-Bench (Chapter 4) sets a new standard for simulator realism and mod-

ularity. It enables researchers to systematically vary clinical complexity, including

stochastic transitions, missing data, and pharmacodynamic variability, and observe

how RL agents respond. By enabling controlled adversarial evaluation, it shifts the

focus from average-case performance to robustness and failure mode analysis.

(2) The re-examination for offline RL (Chapter 5) provides a unified comparison

of offline RL methods in a real-world clinical context. It aligns model implementa-

tions, MDP definitions, and evaluation protocols, offering the first variance-aware

analysis of RL for sepsis treatment. It exposes how evaluation can fail from

misspecified behaviour models and why naive baselines may appear deceptively

strong. The chapter concludes with a set of practical guidelines for developing

future RL-DTR studies to improve reliability, transparency, and clinical relevance.

(3) The insulin study (Chapter 6) offers a fully curated open-source dataset and

benchmark for prediction of hypoglycaemia and insulin optimisation in the ICU. A
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novel ensemble-bootstrapped OPE method is proposed to improve evaluation robust-

ness in safety-critical settings. Together, these contributions create a reproducible

pipeline for evaluating insulin policies based on RL under real-world constraints.

(4) The prior knowledge study (Chapter 7) explores the possibility of large

language models as zero-shot treatment planners. It presents the comparison of

LLMs and RL agents in simulated insulin dosing and introduces the concept of

prior knowledge injection through prompt engineering.

8.3 Limitations

This thesis advances the use of reinforcement learning and artificial intelligence

methods to develop dynamic treatment regimes, but several limitations remain. The

first limitation concerns the generalisability of the proposed approaches. The models

are trained and evaluated primarily on datasets such as MIMIC-III and SimGlucose,

under specific assumptions about patient populations and treatment protocols. As

a result, their performance may not translate directly to other clinical environments

or diverse groups of patients, limiting immediate deployment without additional

validation across multiple settings. A second limitation lies in the reliance on

retrospective observational data and offline evaluation. Although rigorous simulation

benchmarks and advanced off-policy evaluation techniques are used to mitigate

known issues, these methods can only approximate true clinical effectiveness. Offline

RL and OPE inherently depend on adequate action coverage under the historical

logging policy, which is often violated in intensive care settings where treatments

are sparse and highly skewed. This leads to unstable importance weighting and

unreliable counterfactual assessments. Ultimately, treatment efficacy cannot be fully

established without prospective clinical trials that capture real patient outcomes. A

further limitation is the limited interpretability and transparency of many advanced

RL approaches. Although language-model-based treatment regimes can generate

explicit textual explanations, the quality of the reasoning is limited. Lack of clear

explanations for treatment decisions creates barriers to clinician trust and slows

adoption in practice. Without interpretable mechanisms, it remains challenging to
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integrate AI-driven recommendations into clinical workflows and to refine treatment

policies based on clinician feedback.

8.4 Future Work

Future research should first focus on prospective validation through clinical tri-

als. Moving beyond retrospective analysis is essential to determine the safety,

effectiveness, and clinical relevance of AI-driven treatment regimes. Adaptive

trial designs, such as sequential multiple-assignment randomised trials (SMART),

provide a promising pathway to embed RL in real-world clinical studies. Such

designs would enable treatment policies to be continuously updated based on real-

time patient outcomes and clinician feedback, thereby bridging the gap between

offline model development and practical bedside application. A second direction

involves improving the generalisability of learnt treatment policies. To ensure

robustness across diverse patient populations and clinical settings, future work

should incorporate multi-institutional datasets and employ domain adaptation or

transfer learning techniques to enhance the generalisability of the findings. By

exposing models to a wider range of treatment protocols, physiological responses, and

care environments, it becomes possible to develop policies that are less dependent

on a single dataset or institution, thus enhancing their external validity. Finally,

advancing interpretability and transparency should be a central focus. Future

research needs to develop frameworks that not only optimise clinical outcomes,

but also provide interpretable rationales for treatment recommendations. To fully

release the natural language explanability of LLMs, techniques such as reinforcement

learning from human feedback can correct erroneous reasoning chains and generate

content that aligns with clinical preferences. Enhancing interpretability would

foster clinician trust, facilitate regulatory approval, and support collaborative policy

refinement between AI systems and medical professionals.
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8.5 Closing Remarks

This thesis is not a celebration of reinforcement learning. Rather, it represents

a critical step towards understanding when, where, and how AI can safely and

meaningfully support dynamic treatment decisions. By exposing fragilities, intro-

ducing practical tools, and sharpening our understanding of the clinical stakes, this

thesis contributes to incremental but necessary progress toward a trustworthy AI

in healthcare. The end goal remains unchanged: not just to deliver treatment, but

to ensure that the treatment evolves with the patient.
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A
Supplementary Results for Chapter 4

Table A.1: Hyperparameter search space. ’Common’ hyperparameters are model-
agnostic and used identically in all runs. Stack number means the number of stacking
frames for RNN policy. In non-RNN case, the stack number is 1.

Type Name Space

Common

Learning Rate [10−3, 10−4, 10−5, 10−6]
Batch Size [128, 256, 512, 1024]
Stack Number [20, 50, 100]
Batch Normalisation [True, False]
Dropout [0.0, 0.25, 0.5]
Target Update Frequency [1, 1000, 5000]
Update Per Step [0.1, 0.5]
Update Actor Frequency [1, 5, 10]
Step Per Collect [50, 100]
Exploration Noise [0.1, 0.2, 0.5]
Estimation Step 1
γ 0.95
τ 0.001

DQN Series
ϵtest 0.005
ϵtrain,0 1
ϵtrain,−1 0.005

C51, rC51

vmin [-20, -10, -5]
vmax [5, 10, 20]
Number of Atoms 51
ϵtest 0.005
ϵtrain,0 1
ϵtrain,−1 0.005

SAC, rSAC, drSAC α [0.05, 0.1, 0.2]

REDQ
α [0.05, 0.2, 0.4]
Ensemble Size 10
Actor Decay 20

TD3 Noise Clip 0.5
Policy Noise 0.2
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Table A.2: Model parameters for the AhnChemoEnv ODE system (see Eq. (4.1))

Param. Biological meaning Default value
a

(A)
i Drug-induced cell-kill coefficients: a

(A)
1 (im-

mune), a
(A)
2 (tumour), a

(A)
3 (normal)

a
(A)
1 = 0.2,

a
(A)
2 = 0.3,

a
(A)
3 = 0.1

b
(A)
i Inverse carrying capacities (logistic limits): b

(A)
1

(tumour), b
(A)
2 (normal)

b
(A)
1 = 1.0,

b
(A)
2 = 1.0

c
(A)
i Interaction coefficients: c

(A)
1 (tumour→ immune

loss), c
(A)
2 (immune → tumour kill), c

(A)
3 (tu-

mour–normal competition), c
(A)
4 (normal loss

from tumour)

c
(A)
1 = 1.0,

c
(A)
2 = 0.5,

c
(A)
3 = 1.0,

c
(A)
4 = 1.0

d
(A)
1 , d

(A)
2 d

(A)
1 : natural immune-cell death rate; d

(A)
2 : drug

elimination rate
d

(A)
1 = 0.2,

d
(A)
2 = 1.0

r
(A)
1 , r

(A)
2 Intrinsic growth rates of tumour (r(A)

1 ) and
normal cells (r(A)

2 )
r

(A)
1 = 1.5,

r
(A)
2 = 1.0

s(A) Basal immune-cell influx in the absence of tu-
mour

s(A) = 0.33

ρ(A) Maximum immune proliferation rate stimulated
by tumour presence

ρ(A) = 0.01
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Table A.3: Parameters of the GhaffariCancerEnv ODE system part I (See Eq 4.3 and
Eq 4.4)

Param. Units Description Default
a

(G)
1 day−1 Primary-tumour logistic growth rate 4.31× 10−1

b
(G)
1 cells−1 (b(G)

1 )−1 = tumour carrying capacity (primary) 1.02× 10−9

c
(G)
1 cell−1 day−1 NK-mediated tumour-cell kill (primary) 6.41× 10−11

d
(G)
1 day−1 Saturation level in CD8+-mediated kill term

D
(G)
p

2.34

l – Exponent l in fractional CD8+-kill term D
(G)
p 2.09

s – Steepness coefficient s in D
(G)
p 8.39× 10−2

e
(G)
1 day−1 Fraction of circulating lymphocytes becoming

NK cells (primary)
2.08× 10−1

f
(G)
1 day−1 NK-cell death rate (primary) 4.12× 10−3

p
(G)
1 cell−1 day−1 NK inactivation by tumour cells (primary) 3.42× 10−4

m(G) day−1 CD8+ T-cell death rate (primary) 2.04× 10−2

j
(G)
1 day−1 Max. CD8+ T-cell recruitment rate (primary) 2.49× 10−2

k
(G)
1 cells2 Steepness of CD8+ T-cell recruitment curve

(primary)
3.66× 107

q
(G)
1 cell−1 day−1 CD8+ T-cell inactivation by tumour (primary) 1.42× 10−4

r
(G)
11 cell−1 day−1 CD8+ boost from NK-mediated tumour kill

(primary)
1.1× 10−7

r
(G)
12 cell−1 day−1 CD8+ boost from tumour–lymphocyte inter-

action (primary)
6.5× 10−11

u
(G)
1 cell−2 day−1 NK regulation of CD8+ T-cells (primary) 3× 10−10
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Table A.4: Parameters of the GhaffariCancerEnv ODE system part II ((See Eq 4.3 and
Eq 4.4))

Param. Units Description Default
K

(G)
T1 day−1 Chemotherapy-induced tumour-cell kill (pri-

mary)
100

K
(G)
1L

K
(G)
1N

day−1 Chemotherapy-induced immune-cell kill (pri-
mary)

10

K
(G)
1C day−1 Chemotherapy kill of circulating lymphocytes

(primary)
10

α(G) cell day−1 Constant source of circulating lymphocytes 7.5× 108

β(G) day−1 Natural death/differentiation of circulating
lymphocytes

1.2× 102

µ(G) day−1 Chemotherapy-drug decay rate 9× 10−1

a
(G)
2 day−1 Secondary-tumour logistic growth rate 5

b
(G)
2 cells−1 (b(G)

2 )−1 = tumour carrying capacity (sec-
ondary)

1× 10−7

c
(G)
2 cell−1 day−1 NK-mediated tumour-cell kill (secondary) 6.41× 10−12

d
(G)
2 day−1 Saturation level in CD8+-kill term D

(G)
s 5

e
(G)
2 day−1 Fraction of lymphocytes becoming NK cells

(secondary)
2.08× 10−1

f
(G)
2 day−1 NK-cell death rate (secondary) 3.5× 10−2

p
(G)
2 cell−1 day−1 NK inactivation by tumour cells (secondary) 1× 10−1

m
(G)
2 day−1 CD8+ T-cell death rate (secondary) 1.8× 10−1

j
(G)
2 day−1 Max. CD8+ T-cell recruitment rate (sec-

ondary)
1.6× 10−2

k
(G)
2 cells2 Steepness of CD8+ T-cell recruitment curve

(secondary)
3.66× 107
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Table A.5: Parameters of the GhaffariCancerEnv ODE system part III (See Eq 4.3 and
Eq 4.4)

Param. Units Description Default
q

(G)
2 cell−1 day−1 CD8+ T-cell inactivation by tumour (sec-

ondary)
1× 10−1

r
(G)
21 cell−1 day−1 CD8+ boost from NK-mediated tumour kill

(secondary)
2× 10−1

r
(G)
22 cell−1 day−1 CD8+ boost from tumour–lymphocyte inter-

action (secondary)
7.5× 1011

u
(G)
2 cell−2 day−1 NK regulation of CD8+ T-cells (secondary) 3× 10−10

K
(G)
T day−1 Chemotherapy-induced tumour-cell kill (sec-

ondary)
100

K
(G)
2L

K
(G)
2N

day−1 Chemotherapy-induced immune-cell kill (sec-
ondary)

10

K
(G)
2C day−1 Chemotherapy kill of circulating lymphocytes

(secondary)
10

γ
(G)
1 cell−1 day−1 Recovery rate of damaged cells u(G) 0.04

γ
(G)
2 cell−1 day−1 Recovery rate of damaged cells v(G) 0.10

γ
(G)
3 cell−1 day−1 Recovery rate of damaged cells x(G) 0.10

ϵ(G) – Fraction of radiation damaging healthy cells 0.05
α

(G)
1 – Rate at which cancer leaves the primary site 0.0001

α
(G)
2 – Arrival/interaction rate at secondary site 0.00001

W
(G)
T1 cells2 Carry-capacity term for tumour (primary) 0.01

W
(G)
1N

W
(G)
1L

cells2 Carry-capacity terms for immune cells (pri-
mary)

1

W
(G)
2T cells2 Carry-capacity term for tumour (secondary) 1

W
(G)
2N

W
(G)
2L

cells2 Carry-capacity terms for immune cells (sec-
ondary)

1
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Table A.6: Parameters of the SimGlucoseEnv ODE system (See Eq 4.8)

Param. Unit Description Default value
k

(S)
p1 mg kg−1 h−1 Rate constant for endogenous glucose production 11.5048

k
(S)
p2 (mg dL−1)−1 Sensitivity of glucose production to plasma glu-

cose
0.0233

k
(S)
p3 h−1 Sensitivity of glucose production to insulin action 0.0233

k
(S)
e1 mg kg−1 h−1 Parameter for renal glucose excretion 0.0005

k
(S)
e2 mg dL−1 Glucose renal-excretion threshold 339

V
(S)
m0 mg kg−1 h−1 Maximum glucose utilisation rate 5.9285

V
(S)
mx mg kg−1 h−1 Sensitivity of glucose utilisation to insulin action 0.0747

K
(S)
m0 mg dL−1 Glucose conc. at half-maximal utilisation 260.8900

k
(S)
1

k
(S)
2

h−1 Transfer rates between plasma and tissue com-
partments

k
(S)
1 = 0.0573,

k
(S)
2 = 0.0677

p
(S)
2u h−1 Insulin action time-constant on glucose utilisa-

tion
0.0213

k
(S)
i h−1 Plasma insulin kinetics constant 0.0089

k
(S)
sto h−1 Gastric emptying rate for solid carbohydrate 0.0159

k
(S)
gut h−1 Transfer rate from stomach to gut 0.0159

k
(S)
abs h−1 Intestinal absorption rate into plasma 0.0910

f (S) – Fractional bioavailability of ingested carbohy-
drate

0.9

BW (S) kg Body mass (normalisation factor) 68.7060
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Supplementary Results for Chapter 5

B.1 Behavioural Policy and Value Visualisation
for the training and validation set
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Figure B.1: Cross entropy and L1 losses vs inference probabilities or Q
estimates in the training set. (a) Loss of π̂D across predicted action probabilities.
(b–d) L1 loss for Q̂π under Outcome, SOFA, and NEWS2 rewards.
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166 B.2. Full Evaluation Result on Stratified Patient Groups
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Figure B.2: Cross entropy and L1 losses vs inference probabilities or Q
estimates in the validation set. (a) Loss of π̂D across predicted action probabilities.
(b–d) L1 loss for Q̂π under Outcome, SOFA, and NEWS2 rewards.

B.2 Full Evaluation Result on Stratified Patient
Groups

metric alt max min random weight SL DQN CQL IQL BCQ

RMSEIV 763.89 861.51 645.83 671.39 645.83 556.48 ± 6.23 624.06 ± 17.85 616.71 ± 17.94 578.13 ± 6.14 620.74 ± 2.12
RMSEvaso 0.67 0.89 0.32 0.5 0.59 0.31 0.32 0.31 0.31 0.31
WIS 84.29 −89.05 84.29 86.8 86.87 86.66 ± 0.2 87.62 ± 3.34 89.37 ± 2.95 84.29 84.29
WISb 81.21 −75.94 84.05 84.35 54.6 85.05 ± 0.95 87.52 ± 1.33 88.26 ± 1.82 77.57 ± 6.87 84.52 ± 0.17
WISt 84.29 −89.05 84.29 86.64 86.87 86.3 ± 0.52 87.62 ± 3.34 89.37 ± 2.95 84.29 84.29
WISbt 79.85 −79.75 84.23 80.84 66.22 84.74 ± 0.99 87.6 ± 1.33 88.28 ± 1.74 75.85 ± 4.38 84.51 ± 0.16
DR −0.66 −0.38 −0.95 −0.58 −0.49 −0.54 ± 0.01 −0.35 ± 0.05 −0.51 ± 0.08 −0.54 ± 0.03 −0.95
P.F1 0.2 0.02 0.2 0.2 0.0 0.31 ± 0.01 0.2 0.24 0.32 ± 0.01 0.24 ± 0.01
S.F1 0.19 0.02 0.19 0.19 0.0 0.31 ± 0.01 0.2 0.24 0.32 ± 0.01 0.23 ± 0.01
GD 61.54

Table B.1: Outcome all

B.3 Importance Ratio Histogram of Naive Base-
lines
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metric alt max min random weight SL DQN CQL IQL BCQ

RMSEIV 763.89 861.51 645.83 671.39 645.83 536.36 ± 13.56 628.24 ± 16.8 582.33 ± 10.28 578.13 ± 6.14 627.97 ± 1.67
RMSEvaso 0.67 0.89 0.32 0.5 0.59 0.3 0.32 0.32 0.31 0.31
WIS 13.34 −12.25 13.34 16.26 16.43 15.49 ± 0.91 12.41 ± 0.72 13.84 ± 1.79 10.24 13.34
WISb 12.49 −11.3 12.86 14.19 9.52 13.78 ± 0.66 12.48 ± 0.78 11.85 ± 3.78 11.08 ± 0.62 12.97 ± 0.12
WISt 13.34 −12.25 13.34 15.86 16.43 14.36 ± 1.57 12.41 ± 0.72 13.84 ± 1.79 10.24 13.34
WISbt 12.19 −11.25 12.92 13.34 11.49 13.44 ± 0.87 12.27 ± 1.23 11.76 ± 3.49 10.73 ± 0.44 12.91 ± 0.03
DR −0.5 −0.27 −0.76 −0.38 −0.37 −0.35 ± 0.01 −0.25 ± 0.06 −0.37 ± 0.1 −0.36 ± 0.02 −0.76
P.F1 0.2 0.02 0.2 0.2 0.0 0.34 ± 0.01 0.17 ± 0.01 0.26 ± 0.02 0.32 ± 0.01 0.22
S.F1 0.19 0.02 0.19 0.19 0.0 0.33 ± 0.01 0.17 ± 0.01 0.26 ± 0.02 0.32 ± 0.01 0.21
GD 9.47

Table B.2: SOFA all

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 880.57 929.48 825.16 821.09 828.29 682.74 ± 8.09 802.31 ± 20.11 793.05 ± 13.33 719.46 ± 13.2 795.1 ± 5.0
RMSEvaso 0.71 0.87 0.2 0.44 0.55 0.19 ± 0.01 0.2 0.2 0.19 ± 0.01 0.18
WIS 93.3 86.87 90.77 86.87 86.87 89.34 ± 3.42 92.01 ± 1.46 92.72 ± 3.19 91.95 ± 1.68 91.74 ± 0.89
WISb 92.12 76.88 91.06 62.66 86.34 88.92 ± 2.47 91.35 ± 0.68 91.05 ± 0.68 90.11 ± 1.23 91.57 ± 0.73
WISt 93.3 86.87 90.77 86.87 86.87 89.34 ± 3.42 92.01 ± 1.46 92.72 ± 3.19 91.95 ± 1.68 91.74 ± 0.89
WISbt 92.32 74.96 90.89 72.06 87.75 89.43 ± 2.0 91.56 ± 0.76 90.97 ± 1.06 90.54 ± 0.78 91.59 ± 0.63
DR −0.22 −0.43 −0.73 −0.22 −0.22 −0.13 ± 0.12 −0.22 −0.3 ± 0.1 −0.07 ± 0.1 −0.55
P.F1 0.23 0.02 0.23 0.23 0.0 0.32 ± 0.02 0.23 ± 0.01 0.25 ± 0.01 0.36 ± 0.02 0.27 ± 0.01
S.F1 0.22 0.02 0.22 0.22 0.0 0.32 ± 0.02 0.22 ± 0.01 0.24 ± 0.01 0.35 ± 0.01 0.26 ± 0.01
GD 68.51

Table B.3: Outcome sub rate ∈ [−∞,−0.4] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 788.91 880.8 756.41 774.78 749.58 637.96 ± 8.04 729.93 ± 14.25 700.73 ± 25.47 648.47 ± 8.58 719.53 ± 5.46
RMSEvaso 0.54 0.85 0.27 0.47 0.56 0.24 ± 0.02 0.27 0.27 0.27 ± 0.01 0.26
WIS 23.66 26.75 −8.29 88.59 −94.02 88.64 87.46 ± 13.66 94.02 ± 1.51 89.36 ± 1.52 29.48 ± 34.13
WISb 14.77 24.94 −0.78 44.85 −39.81 90.85 ± 0.16 83.92 ± 14.47 92.61 ± 0.85 90.81 ± 0.78 33.48 ± 22.12
WISt 23.66 26.75 −8.29 88.59 −94.02 88.64 87.46 ± 13.66 94.02 ± 1.51 89.36 ± 1.52 29.48 ± 34.13
WISbt 26.13 23.87 −0.81 50.99 −13.95 90.43 ± 0.42 84.03 ± 14.76 93.13 ± 1.1 90.28 ± 0.75 30.69 ± 20.3
DR −0.12 0.0 −0.3 −0.27 −0.4 −0.06 ± 0.08 −0.03 ± 0.07 0.0 −0.11 ± 0.02 −0.12
P.F1 0.25 0.02 0.25 0.25 0.0 0.33 ± 0.02 0.24 ± 0.02 0.28 ± 0.01 0.35 ± 0.01 0.27 ± 0.01
S.F1 0.24 0.02 0.24 0.24 0.0 0.31 ± 0.02 0.23 ± 0.02 0.26 ± 0.01 0.33 ± 0.03 0.26 ± 0.01
GD 78.97

Table B.4: Outcome sub rate ∈ [−∞,−0.4] high std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 732.68 849.88 620.73 649.77 620.52 531.04 ± 6.78 599.25 ± 17.6 584.99 ± 13.05 557.24 ± 7.32 599.44 ± 2.38
RMSEvaso 0.6 0.87 0.2 0.44 0.55 0.19 ± 0.01 0.2 0.19 0.2 ± 0.01 0.19
WIS 84.29 −87.75 84.29 −94.09 −73.02 −83.9 ± 7.91 84.64 ± 0.75 89.57 ± 3.58 61.66 ± 32.53 84.52 ± 0.21
WISb 84.51 −54.45 84.36 −33.01 −43.75 −24.56 ± 13.79 84.4 ± 0.08 84.5 ± 0.29 64.9 ± 25.17 84.76 ± 0.45
WISt 84.29 −87.75 84.29 −94.09 −73.02 −83.91 ± 7.92 84.64 ± 0.75 89.57 ± 3.58 61.62 ± 32.57 84.52 ± 0.21
WISbt 84.41 −76.1 84.3 −15.19 −38.84 −20.09 ± 12.61 84.39 ± 0.11 84.44 ± 0.22 63.09 ± 28.61 84.78 ± 0.39
DR −0.33 −0.04 −0.67 −0.18 −0.13 −0.07 ± 0.02 −0.06 ± 0.04 −0.13 ± 0.07 −0.08 ± 0.02 −0.67
P.F1 0.21 0.01 0.21 0.21 0.0 0.32 ± 0.01 0.21 ± 0.01 0.23 ± 0.01 0.33 ± 0.02 0.25
S.F1 0.21 0.01 0.21 0.21 0.0 0.32 ± 0.01 0.21 0.23 ± 0.01 0.32 ± 0.02 0.25 ± 0.01
GD 67.49

Table B.5: Outcome sub rate ∈ [−0.4,−0.15] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 820.25 887.4 770.94 771.37 767.21 661.62 ± 8.98 745.14 ± 22.99 709.98 ± 19.82 675.19 ± 6.55 738.97 ± 2.38
RMSEvaso 0.82 1.03 0.65 0.74 0.81 0.64 ± 0.01 0.65 0.64 0.64 ± 0.01 0.64
WIS 84.29 84.29 84.29 88.63 85.02 88.62 ± 0.01 89.24 ± 3.67 91.67 ± 0.59 87.94 ± 2.25 84.29
WISb 84.04 69.52 84.84 86.01 86.88 88.25 ± 1.19 89.04 ± 3.6 89.94 ± 0.39 88.07 ± 1.34 85.4 ± 0.59
WISt 84.29 84.29 84.29 88.63 85.02 88.62 ± 0.01 89.24 ± 3.67 91.67 ± 0.59 87.94 ± 2.25 84.29
WISbt 83.92 67.52 81.18 88.22 86.39 88.04 ± 0.99 88.85 ± 3.57 89.59 ± 0.37 87.66 ± 1.73 84.86 ± 0.73
DR −0.55 −0.45 −0.67 −0.28 −0.26 −0.27 ± 0.01 −0.22 ± 0.08 −0.26 ± 0.12 −0.33 ± 0.06 −0.67
P.F1 0.2 0.02 0.2 0.2 0.0 0.29 ± 0.02 0.2 ± 0.02 0.23 ± 0.01 0.3 ± 0.01 0.23
S.F1 0.19 0.03 0.19 0.19 0.0 0.29 ± 0.02 0.18 ± 0.02 0.22 ± 0.01 0.29 ± 0.01 0.21
GD 68.67

Table B.6: Outcome sub rate ∈ [−0.4,−0.15] high std
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metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 688.63 833.0 457.4 532.53 486.77 408.54 ± 9.26 443.51 ± 7.56 442.82 ± 2.72 428.3 ± 8.78 438.72 ± 1.4
RMSEvaso 0.67 0.89 0.26 0.48 0.58 0.25 0.26 0.26 0.26 0.25 ± 0.01
WIS 84.29 −90.44 84.29 −84.32 −84.21 84.3 92.01 ± 1.19 90.24 ± 2.64 84.29 ± 0.05 84.29
WISb 34.74 −35.59 71.32 −60.3 −62.77 84.21 ± 0.37 90.89 ± 0.74 86.12 ± 7.18 83.42 ± 2.45 81.81 ± 4.11
WISt 84.29 −90.44 84.29 −84.32 −84.21 84.32 ± 0.05 92.01 ± 1.19 90.24 ± 2.64 83.84 ± 1.0 84.29
WISbt 40.39 −37.48 64.83 −68.6 −62.39 84.22 ± 0.78 91.06 ± 0.79 85.71 ± 8.78 82.2 ± 5.04 81.1 ± 6.22
DR −0.51 −0.15 −0.97 −0.3 −0.18 −0.28 ± 0.03 −0.23 ± 0.12 −0.36 ± 0.09 −0.21 ± 0.05 −0.97
P.F1 0.22 0.01 0.22 0.22 0.0 0.32 0.22 0.28 ± 0.01 0.34 0.27 ± 0.01
S.F1 0.21 0.01 0.21 0.21 0.0 0.32 0.21 ± 0.01 0.27 ± 0.01 0.33 ± 0.01 0.26 ± 0.01
GD 65.86

Table B.7: Outcome sub rate ∈ [−0.15, 0] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 765.09 867.74 669.04 696.63 662.95 571.17 ± 6.95 646.22 ± 19.11 636.61 ± 18.79 597.7 ± 6.59 642.96 ± 2.08
RMSEvaso 0.66 0.87 0.28 0.48 0.57 0.26 ± 0.01 0.28 0.27 ± 0.01 0.27 ± 0.01 0.27
WIS 84.29 −86.87 84.29 84.29 84.2 84.29 85.88 ± 3.52 89.31 ± 3.79 84.29 84.29
WISb 51.74 −50.46 83.73 68.07 68.21 66.15 ± 4.7 85.84 ± 0.92 87.91 ± 3.06 48.93 ± 8.66 84.55 ± 0.33
WISt 84.29 −86.87 84.29 84.29 84.2 84.29 85.88 ± 3.52 89.31 ± 3.79 84.29 84.29
WISbt 52.42 −43.31 83.83 63.38 63.12 65.74 ± 8.39 85.6 ± 0.65 86.94 ± 1.69 47.17 ± 9.39 84.48 ± 0.16
DR −0.7 −0.36 −0.85 −0.46 −0.3 −0.46 ± 0.02 −0.32 ± 0.11 −0.4 ± 0.11 −0.52 ± 0.05 −0.85
P.F1 0.2 0.02 0.2 0.2 0.0 0.31 ± 0.02 0.2 ± 0.01 0.23 0.33 ± 0.01 0.25
S.F1 0.19 0.02 0.19 0.19 0.0 0.31 ± 0.02 0.19 ± 0.01 0.23 0.32 ± 0.01 0.24
GD 64.19

Table B.8: Outcome sub rate ∈ [−0.15, 0] high std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 736.69 853.28 581.25 616.67 592.53 497.49 ± 11.07 560.83 ± 15.47 561.57 ± 14.77 519.75 ± 18.49 559.81 ± 2.82
RMSEvaso 0.6 0.87 0.24 0.46 0.57 0.23 ± 0.01 0.24 0.24 0.23 ± 0.01 0.23
WIS −92.24 −92.27 87.46 −88.64 −84.29 84.32 ± 0.15 84.32 ± 0.06 88.32 ± 3.11 84.72 ± 0.99 87.48 ± 0.08
WISb −21.8 −28.01 88.38 −79.87 −80.21 84.5 ± 0.38 85.71 ± 0.7 88.67 ± 1.14 83.33 ± 2.44 88.81 ± 0.31
WISt −92.24 −92.27 87.46 −88.64 −84.29 84.32 ± 0.15 84.32 ± 0.06 88.32 ± 3.11 84.72 ± 0.99 87.48 ± 0.08
WISbt −14.44 −33.15 88.22 −81.18 −76.28 84.24 ± 0.66 85.53 ± 0.54 88.52 ± 1.53 82.99 ± 2.66 88.79 ± 0.49
DR −0.85 −0.65 −1.15 −0.99 −0.93 −0.99 ± 0.01 −0.56 ± 0.06 −0.8 ± 0.19 −1.06 ± 0.07 −1.09 ± 0.07
P.F1 0.2 0.01 0.2 0.2 0.0 0.34 ± 0.01 0.2 ± 0.01 0.27 ± 0.01 0.34 ± 0.01 0.24 ± 0.01
S.F1 0.18 0.01 0.18 0.18 0.0 0.33 ± 0.01 0.2 ± 0.02 0.27 ± 0.01 0.33 ± 0.01 0.24
GD 57.54

Table B.9: Outcome sub rate ∈ [0.15, 0.4] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 782.93 832.02 699.16 694.47 686.84 594.95 ± 8.31 668.62 ± 28.5 653.72 ± 18.89 624.3 ± 16.96 672.05 ± 2.09
RMSEvaso 0.62 0.85 0.25 0.45 0.54 0.24 ± 0.01 0.25 0.25 0.24 ± 0.01 0.23
WIS 93.07 −84.29 40.12 −36.02 −84.51 84.2 ± 0.09 89.58 ± 3.95 92.2 ± 1.69 82.16 ± 4.71 40.17 ± 0.03
WISb 66.26 −32.94 35.96 −22.56 −73.83 79.76 ± 2.53 89.41 ± 2.37 90.54 ± 0.5 74.85 ± 9.66 37.09 ± 5.96
WISt 93.07 −84.29 40.12 −36.02 −84.51 84.2 ± 0.09 89.58 ± 3.95 92.2 ± 1.69 82.16 ± 4.71 40.17 ± 0.03
WISbt 59.8 −29.34 36.47 −24.04 −76.8 79.8 ± 2.69 89.84 ± 2.51 90.52 ± 0.72 74.11 ± 9.32 37.15 ± 2.23
DR −0.98 −0.46 −1.12 −0.83 −0.8 −0.7 ± 0.05 −0.29 ± 0.07 −0.46 ± 0.14 −0.83 ± 0.09 −0.76 ± 0.13
P.F1 0.17 0.02 0.17 0.17 0.0 0.29 ± 0.02 0.17 ± 0.01 0.2 ± 0.01 0.28 ± 0.02 0.2
S.F1 0.16 0.02 0.16 0.16 0.0 0.28 ± 0.02 0.16 ± 0.01 0.2 ± 0.01 0.28 ± 0.02 0.19
GD 45.82

Table B.10: Outcome sub rate ∈ [0.15, 0.4] high std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 828.61 828.61 626.63 642.26 637.93 553.92 ± 13.64 596.82 ± 30.51 595.55 ± 32.69 537.16 ± 6.65 596.26 ± 4.61
RMSEvaso 0.87 0.87 0.4 0.53 0.62 0.29 ± 0.03 0.38 ± 0.01 0.38 ± 0.01 0.33 ± 0.02 0.36 ± 0.04
WIS 94.8 −89.68 93.72 −92.49 −90.44 −21.63 ± 25.99 94.25 ± 1.16 93.72 −53.63 ± 20.54 93.72
WISb 71.67 −90.58 84.53 −91.33 −91.33 −12.25 ± 18.16 71.45 ± 13.1 89.53 ± 2.77 −25.64 ± 7.78 89.86 ± 1.19
WISt 94.8 −89.68 93.72 −92.49 −90.44 −21.63 ± 25.99 94.25 ± 1.16 93.72 −53.63 ± 20.54 93.72
WISbt 71.72 −90.15 90.31 −90.64 −91.15 −10.64 ± 13.05 73.56 ± 16.71 91.28 ± 1.72 −22.53 ± 19.15 90.54 ± 3.49
DR −1.92 −1.61 −2.05 −2.49 −1.78 −2.28 ± 0.04 −1.22 ± 0.08 −1.53 ± 0.08 −2.21 ± 0.09 −1.74 ± 0.19
P.F1 0.23 0.03 0.23 0.23 0.02 0.32 ± 0.02 0.23 ± 0.01 0.26 ± 0.01 0.34 ± 0.02 0.26
S.F1 0.23 0.03 0.23 0.23 0.02 0.3 ± 0.02 0.23 ± 0.01 0.26 ± 0.01 0.32 ± 0.02 0.26
GD 23.02

Table B.11: Outcome sub rate ∈ [0.4,∞] low std
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metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 1131.35 1108.49 1131.35 1090.9 1100.26 952.83 ± 9.14 1106.01 ± 22.44 1032.13 ± 14.06 950.08 ± 7.98 1085.45 ± 4.58
RMSEvaso 0.21 0.86 0.21 0.45 0.54 0.21 0.21 0.2 ± 0.01 0.21 ± 0.01 0.18 ± 0.01
WIS 90.0 3.99 89.54 −68.14 −83.06 92.27 ± 0.01 90.65 ± 2.48 95.1 92.31 ± 0.29 90.27 ± 0.91
WISb 81.32 −0.46 70.64 −20.11 −50.82 91.54 ± 0.71 80.52 ± 7.96 91.62 ± 2.23 91.83 ± 0.43 88.1 ± 1.72
WISt 90.0 3.94 89.54 −85.19 −83.06 92.07 ± 0.41 90.65 ± 2.48 95.1 92.63 ± 1.01 90.27 ± 0.91
WISbt 72.37 −3.14 83.27 −47.0 −68.58 90.96 ± 1.05 74.47 ± 11.5 92.32 ± 1.75 91.54 ± 0.91 85.09 ± 2.4
DR −2.66 −2.05 −2.82 −2.05 −1.99 −2.05 −1.93 ± 0.17 −2.25 ± 0.4 −2.25 ± 0.25 −2.65 ± 0.15
P.F1 0.26 0.02 0.26 0.26 0.0 0.35 ± 0.02 0.25 ± 0.02 0.26 ± 0.01 0.4 ± 0.04 0.33 ± 0.01
S.F1 0.25 0.02 0.25 0.25 0.0 0.34 ± 0.02 0.25 ± 0.01 0.26 ± 0.01 0.39 ± 0.03 0.32 ± 0.01
GD 28.41

Table B.12: Outcome sub rate ∈ [0.4,∞] high std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 880.57 929.48 825.16 821.09 828.29 656.94 ± 10.21 804.13 ± 10.32 722.12 ± 41.74 720.14 ± 13.87 803.12 ± 7.26
RMSEvaso 0.71 0.87 0.2 0.44 0.55 0.18 ± 0.01 0.21 0.2 0.19 ± 0.01 0.19 ± 0.01
WIS 15.08 16.43 14.47 16.43 16.43 16.43 16.43 16.19 ± 0.5 16.43 14.59 ± 0.15
WISb 14.88 12.73 14.52 11.31 16.4 15.21 ± 0.24 15.01 ± 0.49 14.87 ± 0.44 14.97 ± 0.53 14.65 ± 0.06
WISt 15.08 16.43 14.47 16.43 16.43 16.43 16.43 16.09 ± 0.51 16.43 14.59 ± 0.15
WISbt 14.82 12.12 14.63 13.15 16.75 15.07 ± 0.17 15.1 ± 0.42 14.91 ± 0.42 14.91 ± 0.14 14.66 ± 0.03
DR −0.22 −0.22 −0.32 −0.22 −0.22 −0.01 ± 0.02 −0.22 −0.28 ± 0.09 −0.02 ± 0.03 −0.3 ± 0.14
P.F1 0.23 0.02 0.23 0.23 0.0 0.38 ± 0.02 0.16 ± 0.02 0.26 ± 0.01 0.36 ± 0.02 0.25 ± 0.01
S.F1 0.22 0.02 0.22 0.22 0.0 0.37 ± 0.01 0.15 ± 0.02 0.25 ± 0.01 0.35 ± 0.01 0.24 ± 0.01
GD 11.09

Table B.13: SOFA sub rate ∈ [−∞,−0.4] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 788.91 880.8 756.41 774.78 749.58 608.58 ± 16.25 734.77 ± 21.49 661.93 ± 14.83 648.47 ± 8.58 729.71 ± 3.49
RMSEvaso 0.54 0.85 0.27 0.47 0.56 0.24 ± 0.02 0.27 ± 0.01 0.26 0.27 ± 0.01 0.26 ± 0.01
WIS 1.45 4.98 −4.14 14.24 −12.51 14.24 14.59 ± 0.87 14.52 ± 0.81 14.24 ± 0.01 0.69 ± 6.55
WISb 0.09 4.73 −2.51 7.71 −4.69 12.38 ± 1.57 13.64 ± 0.28 14.08 ± 0.69 13.4 ± 0.67 2.25 ± 4.11
WISt 1.45 4.98 −4.14 14.24 −12.51 14.24 14.59 ± 0.87 14.52 ± 0.81 14.24 ± 0.01 0.69 ± 6.55
WISbt 2.14 4.55 −2.64 8.67 −0.84 12.62 ± 2.77 13.59 ± 0.31 14.1 ± 0.39 13.67 ± 0.43 2.27 ± 2.96
DR −0.09 0.0 −0.35 0.0 −0.18 −0.0 ± 0.01 −0.04 ± 0.08 0.0 −0.01 ± 0.02 −0.21 ± 0.08
P.F1 0.25 0.02 0.25 0.25 0.0 0.34 ± 0.02 0.18 ± 0.01 0.27 ± 0.01 0.35 ± 0.01 0.27
S.F1 0.24 0.02 0.24 0.24 0.0 0.33 ± 0.02 0.17 ± 0.01 0.26 ± 0.01 0.33 ± 0.03 0.25
GD 12.68

Table B.14: SOFA sub rate ∈ [−∞,−0.4] high std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 732.68 849.88 620.73 649.77 620.52 513.03 ± 17.23 604.3 ± 14.72 556.43 ± 16.69 556.7 ± 6.58 605.62 ± 1.0
RMSEvaso 0.6 0.87 0.2 0.44 0.55 0.18 ± 0.01 0.2 0.2 0.2 ± 0.01 0.19
WIS 13.56 −10.69 13.55 −15.24 −12.41 −6.77 ± 7.5 13.1 ± 0.27 13.84 ± 0.06 8.73 ± 5.08 13.63 ± 0.18
WISb 13.57 −7.14 13.56 −4.9 −8.29 −2.04 ± 4.06 13.28 ± 0.15 13.87 ± 0.11 9.39 ± 4.08 13.57 ± 0.14
WISt 13.56 −10.69 13.55 −15.24 −12.41 −6.77 ± 7.5 13.1 ± 0.27 13.84 ± 0.06 8.73 ± 5.08 13.63 ± 0.18
WISbt 13.49 −9.88 13.52 −1.86 −7.61 −1.62 ± 3.65 13.24 ± 0.14 13.85 ± 0.09 9.11 ± 4.52 13.55 ± 0.12
DR −0.27 −0.07 −0.7 −0.07 −0.1 −0.04 ± 0.02 −0.09 ± 0.04 −0.18 ± 0.1 −0.05 ± 0.03 −0.69 ± 0.02
P.F1 0.21 0.01 0.21 0.21 0.0 0.35 ± 0.01 0.17 ± 0.01 0.26 ± 0.03 0.33 ± 0.02 0.23
S.F1 0.21 0.01 0.21 0.21 0.0 0.34 ± 0.01 0.17 ± 0.01 0.26 ± 0.03 0.32 ± 0.02 0.23 ± 0.01
GD 10.65

Table B.15: SOFA sub rate ∈ [−0.4,−0.15] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 820.25 887.4 770.94 771.37 767.21 638.76 ± 14.54 746.47 ± 26.15 685.1 ± 16.71 675.19 ± 6.55 747.52 ± 2.79
RMSEvaso 0.82 1.03 0.65 0.74 0.81 0.63 0.64 0.65 0.64 ± 0.01 0.64
WIS 12.0 11.61 12.0 17.13 12.88 17.09 ± 0.05 14.89 ± 1.23 12.46 ± 1.55 14.58 ± 2.22 12.0
WISb 11.46 10.32 11.0 15.43 13.01 15.87 ± 0.29 14.64 ± 1.03 12.22 ± 1.99 14.23 ± 1.4 11.36 ± 0.25
WISt 12.0 11.61 12.0 17.13 12.88 17.09 ± 0.05 14.89 ± 1.23 12.46 ± 1.55 14.58 ± 2.22 12.0
WISbt 11.38 9.96 10.53 15.78 12.97 15.74 ± 0.26 14.68 ± 0.9 12.17 ± 1.96 14.15 ± 1.45 11.35 ± 0.28
DR −0.51 −0.39 −0.68 −0.31 −0.27 −0.3 ± 0.01 −0.17 ± 0.06 −0.21 ± 0.1 −0.3 ± 0.02 −0.68
P.F1 0.2 0.02 0.2 0.2 0.0 0.32 ± 0.01 0.17 0.26 ± 0.02 0.3 ± 0.01 0.21 ± 0.01
S.F1 0.19 0.03 0.19 0.19 0.0 0.31 ± 0.01 0.16 0.25 ± 0.02 0.29 ± 0.01 0.2
GD 10.62

Table B.16: SOFA sub rate ∈ [−0.4,−0.15] high std
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metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 688.63 833.0 457.4 532.53 486.77 390.13 ± 15.74 451.62 ± 3.96 416.64 ± 11.45 428.5 ± 8.67 445.05 ± 1.22
RMSEvaso 0.67 0.89 0.26 0.48 0.58 0.25 0.27 0.26 0.26 0.26
WIS 13.34 −9.01 13.34 −14.1 −14.12 9.74 ± 0.45 12.86 ± 0.97 13.87 ± 1.76 11.65 ± 1.61 13.34
WISb 7.17 −2.14 11.83 −9.45 −10.28 10.83 ± 0.49 12.21 ± 0.65 12.72 ± 2.69 11.65 ± 1.21 12.43 ± 1.26
WISt 13.34 −9.01 13.34 −14.1 −14.12 11.08 ± 1.27 12.86 ± 0.97 13.87 ± 1.76 11.9 ± 1.79 13.34
WISbt 7.84 −2.32 10.89 −10.12 −10.21 11.53 ± 0.44 12.24 ± 0.63 12.57 ± 3.02 11.92 ± 1.45 12.5 ± 1.33
DR −0.46 −0.14 −0.72 −0.17 −0.15 −0.14 ± 0.02 −0.13 ± 0.04 −0.35 ± 0.19 −0.15 ± 0.03 −0.72
P.F1 0.22 0.01 0.22 0.22 0.0 0.34 ± 0.01 0.19 ± 0.01 0.28 ± 0.01 0.34 0.23 ± 0.01
S.F1 0.21 0.01 0.21 0.21 0.0 0.34 ± 0.01 0.19 ± 0.01 0.28 ± 0.01 0.33 ± 0.01 0.22 ± 0.01
GD 10.11

Table B.17: SOFA sub rate ∈ [−0.15, 0] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 765.09 867.74 669.04 696.63 662.95 551.05 ± 9.71 650.28 ± 19.61 605.84 ± 15.26 597.7 ± 6.59 652.23 ± 1.63
RMSEvaso 0.66 0.87 0.28 0.48 0.57 0.25 0.28 ± 0.01 0.28 0.27 ± 0.01 0.27
WIS 12.06 −21.32 12.06 10.24 13.4 10.24 12.71 ± 1.65 13.03 ± 0.7 10.24 12.06
WISb 5.79 −13.27 11.83 8.56 10.92 7.87 ± 0.48 12.58 ± 0.82 12.66 ± 0.81 3.81 ± 1.28 11.89 ± 0.19
WISt 12.06 −21.32 12.06 10.24 13.4 10.24 12.71 ± 1.65 13.03 ± 0.7 10.24 12.06
WISbt 5.98 −11.51 11.98 8.09 10.1 8.19 ± 1.45 12.63 ± 1.02 12.75 ± 0.95 3.4 ± 1.44 11.99 ± 0.09
DR −0.4 −0.19 −0.61 −0.33 −0.31 −0.34 ± 0.02 −0.11 ± 0.03 −0.29 ± 0.17 −0.38 ± 0.04 −0.58 ± 0.02
P.F1 0.2 0.02 0.2 0.2 0.0 0.33 ± 0.01 0.17 0.26 ± 0.02 0.33 ± 0.01 0.22
S.F1 0.19 0.02 0.19 0.19 0.0 0.32 ± 0.01 0.17 0.26 ± 0.02 0.32 ± 0.01 0.21
GD 9.84

Table B.18: SOFA sub rate ∈ [−0.15, 0] high std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 736.69 853.28 581.25 616.67 592.53 480.48 ± 15.3 568.16 ± 11.04 520.1 ± 15.18 519.96 ± 17.85 566.24 ± 1.92
RMSEvaso 0.6 0.87 0.24 0.46 0.57 0.22 ± 0.01 0.24 0.24 0.23 ± 0.01 0.23
WIS −16.39 −16.4 14.4 −17.91 −14.87 11.49 ± 0.63 15.15 ± 0.28 15.27 ± 0.02 12.65 ± 0.85 14.41
WISb −5.02 −5.66 14.2 −15.01 −14.46 11.46 ± 0.81 14.68 ± 0.33 14.76 ± 0.04 11.51 ± 1.8 13.99 ± 0.06
WISt −16.39 −16.4 14.4 −17.91 −14.87 11.49 ± 0.63 15.15 ± 0.28 15.27 ± 0.02 12.65 ± 0.85 14.41
WISbt −3.9 −6.52 14.14 −15.0 −13.38 11.45 ± 0.83 14.65 ± 0.36 14.76 ± 0.14 11.62 ± 1.7 14.01 ± 0.12
DR −0.49 −0.32 −0.65 −0.61 −0.46 −0.47 ± 0.01 −0.26 ± 0.02 −0.37 ± 0.15 −0.5 ± 0.04 −0.65
P.F1 0.2 0.01 0.2 0.2 0.0 0.36 ± 0.01 0.18 ± 0.01 0.28 ± 0.02 0.35 ± 0.02 0.21 ± 0.01
S.F1 0.18 0.01 0.18 0.18 0.0 0.35 ± 0.01 0.18 ± 0.01 0.28 ± 0.01 0.33 ± 0.01 0.2 ± 0.01
GD 8.56

Table B.19: SOFA sub rate ∈ [0.15, 0.4] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 782.93 832.02 699.16 694.47 686.84 573.43 ± 13.11 670.46 ± 30.69 635.01 ± 10.67 623.91 ± 15.84 680.34 ± 2.92
RMSEvaso 0.62 0.85 0.25 0.45 0.54 0.22 ± 0.01 0.25 0.24 0.24 ± 0.01 0.23
WIS 15.85 −13.08 7.84 −5.98 −13.33 15.43 ± 0.55 13.43 ± 1.56 15.28 ± 1.25 14.15 ± 1.2 7.84
WISb 11.61 −6.02 7.13 −4.04 −12.1 13.74 ± 1.13 13.43 ± 0.87 14.53 ± 0.75 11.91 ± 1.81 7.5 ± 0.79
WISt 15.85 −13.08 7.84 −5.98 −13.33 15.43 ± 0.55 13.43 ± 1.56 15.28 ± 1.25 14.15 ± 1.2 7.84
WISbt 10.6 −5.53 7.35 −4.23 −12.44 13.61 ± 1.0 13.5 ± 1.05 14.48 ± 0.78 11.67 ± 1.9 7.42 ± 0.21
DR −0.94 −0.4 −0.94 −0.53 −0.56 −0.51 ± 0.01 −0.3 ± 0.12 −0.53 ± 0.14 −0.52 ± 0.04 −0.85 ± 0.09
P.F1 0.17 0.02 0.17 0.17 0.0 0.31 ± 0.01 0.14 ± 0.01 0.23 ± 0.02 0.29 ± 0.02 0.18
S.F1 0.16 0.02 0.16 0.16 0.0 0.31 ± 0.01 0.14 ± 0.01 0.23 ± 0.02 0.28 ± 0.02 0.17
GD 7.19

Table B.20: SOFA sub rate ∈ [0.15, 0.4] high std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 828.61 828.61 626.63 642.26 637.93 516.24 ± 10.8 601.13 ± 29.95 563.64 ± 20.54 537.16 ± 6.65 605.02 ± 7.26
RMSEvaso 0.87 0.87 0.4 0.53 0.62 0.27 ± 0.02 0.39 ± 0.02 0.39 ± 0.02 0.34 ± 0.01 0.38 ± 0.01
WIS 14.88 −15.5 14.54 −14.88 −22.55 −6.23 ± 8.93 14.16 ± 0.21 14.62 ± 0.38 −7.97 ± 9.23 14.54
WISb 10.74 −15.99 12.7 −14.89 −18.7 −2.08 ± 4.19 9.72 ± 3.4 13.47 ± 0.54 −4.49 ± 1.9 13.54 ± 0.3
WISt 14.88 −15.5 14.54 −14.88 −22.55 −6.23 ± 8.93 14.16 ± 0.21 14.62 ± 0.38 −7.97 ± 9.23 14.54
WISbt 10.76 −15.92 13.69 −15.33 −19.14 −1.93 ± 4.64 9.96 ± 4.61 13.87 ± 0.44 −3.58 ± 3.76 14.0 ± 0.3
DR −1.1 −0.87 −1.47 −1.45 −0.88 −1.35 ± 0.06 −1.3 ± 0.02 −1.05 ± 0.02 −1.64 ± 0.09 −1.44 ± 0.06
P.F1 0.23 0.03 0.23 0.23 0.02 0.31 ± 0.03 0.19 ± 0.02 0.26 ± 0.01 0.34 ± 0.02 0.24
S.F1 0.23 0.03 0.23 0.23 0.02 0.29 ± 0.01 0.2 ± 0.02 0.26 ± 0.01 0.32 ± 0.02 0.24 ± 0.01
GD 2.48

Table B.21: SOFA sub rate ∈ [0.4,∞] low std
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metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 1131.35 1108.49 1131.35 1090.9 1100.26 928.45 ± 15.0 1087.4 ± 30.34 996.8 ± 34.24 950.08 ± 7.98 1086.09 ± 7.96
RMSEvaso 0.21 0.86 0.21 0.45 0.54 0.21 ± 0.01 0.21 0.2 0.21 ± 0.01 0.18 ± 0.01
WIS 12.2 0.64 11.9 −9.46 −13.74 13.48 ± 0.01 15.43 ± 0.15 13.78 ± 1.78 13.61 ± 0.29 11.99 ± 0.21
WISb 11.49 −0.25 9.89 −2.63 −8.99 13.13 ± 0.24 12.56 ± 3.55 11.1 ± 2.11 13.31 ± 0.4 12.32 ± 0.5
WISt 12.2 0.63 11.9 −11.9 −13.74 13.39 ± 0.16 15.43 ± 0.15 13.78 ± 1.78 13.71 ± 0.63 11.99 ± 0.21
WISbt 9.75 −0.63 11.76 −6.56 −11.61 13.06 ± 0.32 12.09 ± 4.65 10.44 ± 2.47 13.42 ± 0.59 11.83 ± 0.43
DR −2.05 −1.69 −2.99 −1.65 −1.63 −1.6 ± 0.02 −1.72 ± 0.29 −1.64 ± 0.34 −1.68 ± 0.09 −2.78 ± 0.12
P.F1 0.26 0.02 0.26 0.26 0.0 0.37 ± 0.02 0.19 ± 0.1 0.29 ± 0.05 0.4 ± 0.04 0.29 ± 0.01
S.F1 0.25 0.02 0.25 0.25 0.0 0.36 ± 0.02 0.18 ± 0.1 0.28 ± 0.05 0.39 ± 0.03 0.28 ± 0.01
GD 3.92

Table B.22: SOFA sub rate ∈ [0.4,∞] high std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 880.57 929.48 825.16 821.09 828.29 683.96 ± 3.08 811.24 ± 26.66 653.9 ± 6.87 706.65 ± 13.36 798.7 ± 10.64
RMSEvaso 0.71 0.87 0.2 0.44 0.55 0.2 0.39 ± 0.09 0.18 ± 0.01 0.19 ± 0.01 0.19 ± 0.01
WIS −1.78 −3.78 −3.04 −3.78 −3.78 −3.78 −3.32 ± 1.03 −2.12 ± 0.94 −2.8 ± 0.75 −2.92 ± 0.27
WISb −2.25 −3.78 −2.93 −3.23 −3.59 −3.14 ± 0.09 −2.99 ± 0.18 −2.46 ± 0.56 −2.84 ± 0.35 −2.85 ± 0.08
WISt −1.78 −3.78 −3.04 −3.78 −3.78 −3.78 −3.32 ± 1.03 −2.12 ± 0.94 −2.8 ± 0.75 −2.92 ± 0.27
WISbt −2.14 −3.87 −2.99 −3.35 −3.61 −3.18 ± 0.08 −3.04 ± 0.56 −2.36 ± 0.66 −2.83 ± 0.37 −2.93 ± 0.27
DR −0.49 −0.46 −1.08 −0.35 −0.29 −0.37 −0.29 ± 0.02 −0.62 ± 0.12 −0.5 ± 0.04 −0.95 ± 0.07
P.F1 0.23 0.02 0.23 0.23 0.0 0.32 ± 0.02 0.07 ± 0.04 0.37 ± 0.01 0.4 ± 0.03 0.25 ± 0.02
S.F1 0.22 0.02 0.22 0.22 0.0 0.31 ± 0.02 0.07 ± 0.04 0.36 ± 0.01 0.39 ± 0.02 0.24 ± 0.02
GD -3.23

Table B.23: NEWS2 sub rate ∈ [−∞,−0.4] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 732.68 849.88 620.73 649.77 620.52 528.34 ± 16.69 615.53 ± 13.8 511.36 ± 7.79 559.08 ± 5.67 604.78 ± 7.09
RMSEvaso 0.6 0.87 0.2 0.44 0.55 0.2 0.37 ± 0.09 0.18 ± 0.01 0.21 ± 0.01 0.19
WIS −5.08 −5.06 −5.12 −4.02 −4.08 −3.92 ± 0.07 −2.11 ± 1.17 −3.96 ± 1.46 −4.12 ± 0.18 −4.28
WISb −4.77 −4.08 −4.81 −4.11 −4.3 −3.7 ± 0.25 −2.42 ± 0.54 −3.56 ± 0.94 −4.09 ± 0.48 −4.37 ± 0.05
WISt −5.08 −5.06 −5.12 −4.02 −4.08 −3.92 ± 0.07 −2.11 ± 1.17 −3.96 ± 1.46 −4.12 ± 0.19 −4.28
WISbt −4.77 −4.61 −4.87 −4.02 −4.37 −3.82 ± 0.06 −2.5 ± 0.54 −3.55 ± 1.04 −4.09 ± 0.47 −4.35 ± 0.05
DR −0.52 −0.05 −1.55 −0.18 −0.15 −0.2 −0.12 ± 0.04 −0.64 ± 0.12 −0.4 ± 0.1 −1.55
P.F1 0.21 0.01 0.21 0.21 0.0 0.33 ± 0.01 0.07 ± 0.02 0.34 ± 0.01 0.35 ± 0.01 0.24 ± 0.01
S.F1 0.21 0.01 0.21 0.21 0.0 0.32 ± 0.01 0.07 ± 0.02 0.34 ± 0.01 0.34 ± 0.01 0.24 ± 0.01
GD -4.13

Table B.24: NEWS2 sub rate ∈ [−0.4,−0.15] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 820.25 887.4 770.94 771.37 767.21 667.05 ± 15.28 752.73 ± 4.24 639.54 ± 5.5 668.83 ± 7.44 744.04 ± 13.4
RMSEvaso 0.82 1.03 0.65 0.74 0.81 0.64 0.71 ± 0.04 0.64 0.63 ± 0.01 0.64
WIS −8.81 −3.48 −8.81 −5.15 −5.28 −4.27 ± 0.18 −1.49 ± 0.75 −4.43 ± 0.73 −4.06 ± 0.32 −8.81
WISb −7.33 −4.26 −7.24 −4.99 −4.57 −4.21 ± 0.2 −1.63 ± 0.44 −4.47 ± 0.56 −4.05 ± 0.3 −7.2 ± 0.41
WISt −8.81 −3.48 −8.81 −5.15 −5.28 −4.27 ± 0.18 −1.49 ± 0.75 −4.43 ± 0.73 −4.06 ± 0.32 −8.81
WISbt −7.12 −4.22 −7.45 −5.01 −4.81 −4.2 ± 0.22 −1.61 ± 0.4 −4.52 ± 0.5 −4.07 ± 0.3 −7.28 ± 0.3
DR −0.64 −0.38 −1.46 −0.34 −0.19 −0.36 −0.09 ± 0.02 −0.61 ± 0.03 −0.47 ± 0.03 −1.33 ± 0.09
P.F1 0.2 0.02 0.2 0.2 0.0 0.28 ± 0.01 0.05 ± 0.02 0.3 ± 0.01 0.31 ± 0.02 0.22 ± 0.01
S.F1 0.19 0.03 0.19 0.19 0.0 0.28 ± 0.01 0.05 ± 0.02 0.3 ± 0.01 0.31 ± 0.02 0.21 ± 0.01
GD -4.49

Table B.25: NEWS2 sub rate ∈ [−0.4,−0.15] high std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 688.63 833.0 457.4 532.53 486.77 405.15 ± 3.15 463.11 ± 10.85 398.49 ± 8.64 444.65 ± 15.04 443.3 ± 6.13
RMSEvaso 0.67 0.89 0.26 0.48 0.58 0.26 0.41 ± 0.09 0.25 ± 0.01 0.26 0.25 ± 0.01
WIS −4.56 −4.6 −4.56 −5.59 −5.59 −5.12 ± 1.03 −2.31 ± 1.41 −3.61 ± 1.39 −4.15 ± 0.58 −4.56
WISb −4.65 −4.28 −4.69 −5.11 −5.31 −4.33 ± 0.81 −2.57 ± 1.1 −3.68 ± 0.8 −4.12 ± 0.57 −4.58 ± 0.08
WISt −4.56 −4.6 −4.56 −5.59 −5.59 −3.65 ± 0.37 −2.31 ± 1.41 −3.61 ± 1.39 −4.16 ± 0.57 −4.56
WISbt −4.53 −4.36 −4.68 −5.12 −5.32 −3.56 ± 0.22 −2.55 ± 0.95 −3.62 ± 0.82 −4.13 ± 0.57 −4.57 ± 0.11
DR −0.31 −0.1 −1.65 −0.13 −0.08 −0.15 −0.11 ± 0.05 −0.77 ± 0.1 −0.33 ± 0.08 −1.61 ± 0.03
P.F1 0.22 0.01 0.22 0.22 0.0 0.32 0.07 ± 0.02 0.35 ± 0.01 0.35 ± 0.02 0.25 ± 0.02
S.F1 0.21 0.01 0.21 0.21 0.0 0.32 0.07 ± 0.02 0.34 ± 0.01 0.34 ± 0.03 0.24 ± 0.02
GD -4.3

Table B.26: NEWS2 sub rate ∈ [−0.15, 0] low std
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metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 765.09 867.74 669.04 696.63 662.95 577.93 ± 4.79 661.56 ± 8.96 555.14 ± 10.07 595.76 ± 7.32 649.09 ± 9.58
RMSEvaso 0.66 0.87 0.28 0.48 0.57 0.26 ± 0.01 0.4 ± 0.08 0.25 0.27 ± 0.01 0.27 ± 0.01
WIS −4.15 −8.69 −4.15 −5.83 −3.16 −5.83 −4.94 ± 1.2 −3.13 ± 1.14 −5.83 −4.15
WISb −4.81 −7.2 −4.56 −5.53 −4.13 −5.66 ± 0.43 −4.4 ± 0.17 −3.42 ± 0.85 −6.18 ± 0.32 −4.49 ± 0.09
WISt −4.15 −8.69 −4.15 −5.83 −3.16 −5.83 −4.94 ± 1.2 −3.14 ± 1.17 −5.83 −4.15
WISbt −4.68 −6.85 −4.55 −5.39 −4.61 −5.62 ± 0.24 −4.41 ± 0.26 −3.39 ± 0.93 −6.23 ± 0.26 −4.53 ± 0.06
DR −0.6 −0.24 −1.58 −0.43 −0.37 −0.44 −0.14 ± 0.05 −0.7 ± 0.11 −0.53 ± 0.04 −1.58
P.F1 0.2 0.02 0.2 0.2 0.0 0.31 ± 0.01 0.05 ± 0.02 0.32 ± 0.02 0.33 ± 0.02 0.23 ± 0.01
S.F1 0.19 0.02 0.19 0.19 0.0 0.31 ± 0.01 0.05 ± 0.02 0.32 ± 0.02 0.32 ± 0.02 0.22 ± 0.01
GD -4.72

Table B.27: NEWS2 sub rate ∈ [−0.15, 0] high std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 736.69 853.28 581.25 616.67 592.53 497.22 ± 10.48 577.53 ± 9.49 490.24 ± 12.7 528.45 ± 21.15 564.83 ± 8.02
RMSEvaso 0.6 0.87 0.24 0.46 0.57 0.23 0.4 ± 0.08 0.22 0.23 ± 0.01 0.23
WIS −4.65 −4.65 −4.4 −6.55 −7.49 −3.98 ± 0.21 −2.61 ± 1.5 −3.43 ± 0.86 −3.99 ± 0.42 −4.4
WISb −4.16 −5.16 −4.14 −6.48 −6.91 −3.88 ± 0.19 −2.71 ± 0.69 −3.41 ± 0.58 −3.93 ± 0.43 −4.0 ± 0.08
WISt −4.65 −4.65 −4.4 −6.55 −7.49 −3.98 ± 0.21 −2.61 ± 1.5 −3.43 ± 0.86 −3.99 ± 0.42 −4.4
WISbt −4.09 −5.07 −4.14 −6.38 −6.85 −3.87 ± 0.19 −2.83 ± 0.82 −3.4 ± 0.64 −3.92 ± 0.44 −4.03 ± 0.13
DR −0.7 −0.21 −1.69 −0.29 −0.39 −0.3 ± 0.01 −0.1 ± 0.07 −0.81 ± 0.13 −0.64 ± 0.08 −1.61 ± 0.06
P.F1 0.2 0.01 0.2 0.2 0.0 0.33 ± 0.02 0.06 ± 0.02 0.36 ± 0.01 0.35 ± 0.01 0.23 ± 0.01
S.F1 0.18 0.01 0.18 0.18 0.0 0.32 ± 0.01 0.06 ± 0.02 0.34 ± 0.01 0.33 ± 0.02 0.22 ± 0.01
GD -4.6

Table B.28: NEWS2 sub rate ∈ [0.15, 0.4] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 782.93 832.02 699.16 694.47 686.84 594.05 ± 9.74 685.2 ± 9.89 584.59 ± 7.08 620.18 ± 15.98 675.9 ± 11.12
RMSEvaso 0.62 0.85 0.25 0.45 0.54 0.24 ± 0.01 0.37 ± 0.07 0.22 ± 0.01 0.25 ± 0.01 0.23
WIS −1.94 −6.0 −4.4 −6.75 −7.23 −5.26 ± 0.11 −1.58 ± 0.93 −2.69 ± 1.68 −5.13 ± 0.3 −4.4
WISb −3.26 −5.35 −4.73 −6.34 −6.53 −4.68 ± 0.34 −1.84 ± 0.29 −3.09 ± 1.3 −4.75 ± 0.47 −4.52 ± 0.1
WISt −1.94 −6.0 −4.4 −6.75 −7.23 −5.26 ± 0.11 −1.58 ± 0.93 −2.69 ± 1.68 −5.13 ± 0.3 −4.4
WISbt −3.65 −5.35 −4.64 −6.34 −6.71 −4.82 ± 0.22 −1.87 ± 0.32 −3.08 ± 1.27 −4.79 ± 0.43 −4.57 ± 0.04
DR −0.74 −0.22 −1.54 −0.47 −0.51 −0.48 ± 0.01 −0.22 ± 0.12 −0.85 ± 0.11 −0.64 ± 0.08 −1.36 ± 0.05
P.F1 0.17 0.02 0.17 0.17 0.0 0.28 ± 0.01 0.05 ± 0.01 0.3 ± 0.01 0.32 ± 0.01 0.19 ± 0.01
S.F1 0.16 0.02 0.16 0.16 0.0 0.28 ± 0.01 0.05 ± 0.01 0.29 ± 0.01 0.31 ± 0.01 0.18 ± 0.01
GD -4.7

Table B.29: NEWS2 sub rate ∈ [0.15, 0.4] high std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 828.61 828.61 626.63 642.26 637.93 553.35 ± 10.35 602.95 ± 21.97 514.44 ± 7.44 530.38 ± 16.37 603.67 ± 9.18
RMSEvaso 0.87 0.87 0.4 0.53 0.62 0.28 ± 0.02 0.5 ± 0.07 0.29 ± 0.01 0.35 ± 0.02 0.38 ± 0.02
WIS −1.5 −4.3 −1.65 −3.82 −6.8 −3.22 ± 0.16 −3.84 ± 0.9 −1.65 −3.2 ± 0.27 −1.65
WISb −2.35 −4.58 −2.69 −4.0 −5.43 −3.03 ± 0.18 −3.89 ± 0.57 −1.82 ± 0.07 −3.0 ± 0.29 −2.13 ± 0.31
WISt −1.5 −4.3 −1.65 −3.82 −6.8 −3.22 ± 0.16 −3.84 ± 0.9 −1.65 −3.2 ± 0.27 −1.65
WISbt −2.36 −4.56 −2.7 −4.16 −5.66 −3.02 ± 0.15 −3.9 ± 0.59 −1.79 ± 0.09 −2.99 ± 0.25 −2.06 ± 0.28
DR −0.54 −0.36 −1.13 −0.45 −0.54 −0.47 ± 0.02 −0.08 ± 0.02 −0.61 ± 0.33 −0.78 ± 0.14 −1.03 ± 0.13
P.F1 0.23 0.03 0.23 0.23 0.02 0.31 ± 0.01 0.04 ± 0.01 0.33 ± 0.04 0.37 ± 0.02 0.26 ± 0.01
S.F1 0.23 0.03 0.23 0.23 0.02 0.3 ± 0.01 0.04 ± 0.02 0.31 ± 0.03 0.34 ± 0.02 0.25 ± 0.01
GD -4.25

Table B.30: NEWS2 sub rate ∈ [0.4,∞] low std

metric alt max min random weight imitation dqn cql iql bcq

RMSEIV 1131.35 1108.49 1131.35 1090.9 1100.26 959.1 ± 10.09 1095.13 ± 12.04 932.83 ± 10.43 943.02 ± 3.75 1092.54 ± 18.52
RMSEvaso 0.21 0.86 0.21 0.45 0.54 0.21 ± 0.01 0.38 ± 0.07 0.19 ± 0.02 0.21 ± 0.01 0.19 ± 0.01
WIS −2.72 −2.56 −2.89 −5.71 −4.33 −1.53 −1.39 ± 0.52 −1.66 ± 0.66 −1.54 ± 0.01 −2.68 ± 0.11
WISb −2.32 −2.74 −2.66 −4.26 −4.27 −1.87 ± 0.06 −1.71 ± 0.33 −1.76 ± 0.14 −1.88 ± 0.1 −2.33 ± 0.09
WISt −2.72 −2.56 −2.89 −6.16 −4.33 −1.61 ± 0.04 −1.54 ± 0.66 −1.67 ± 0.66 −1.84 ± 0.21 −2.68 ± 0.11
WISbt −2.64 −2.78 −2.57 −4.81 −4.34 −1.93 ± 0.08 −1.79 ± 0.41 −1.83 ± 0.22 −2.06 ± 0.09 −2.4 ± 0.12
DR −0.78 −0.2 −1.97 −0.96 −0.47 −0.95 ± 0.01 −0.13 ± 0.09 −0.57 ± 0.18 −0.82 ± 0.04 −1.89 ± 0.07
P.F1 0.26 0.02 0.26 0.26 0.0 0.35 ± 0.02 0.04 ± 0.02 0.38 ± 0.02 0.4 ± 0.04 0.31 ± 0.03
S.F1 0.25 0.02 0.25 0.25 0.0 0.34 ± 0.03 0.04 ± 0.04 0.37 ± 0.02 0.39 ± 0.03 0.3 ± 0.03
GD -3.79

Table B.31: NEWS2 sub rate ∈ [0.4,∞] high std
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Figure B.3: Importance ratio histogram of random policy > 99th percentile on Outcome
reward.

Al
l

Gr
ou

p 
1

Gr
ou

p 
2

Gr
ou

p 
3

Gr
ou

p 
4

Gr
ou

p 
5

Gr
ou

p 
6

Gr
ou

p 
7

Gr
ou

p 
8

Gr
ou

p 
9

Gr
ou

p 
10

Gr
ou

p 
11

Gr
ou

p 
12

Patient Cohort

100

101

102

103

104

105

Im
po

rta
nc

e 
Ra

tio
 >

99
th

 p
er

ce
nt

ile type
uncalibrated
calibrated

Figure B.4: Importance ratio histogram of min policy > 99th percentile on Outcome
reward.
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Figure B.5: Importance ratio histogram of max policy > 99th percentile on Outcome
reward.
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Figure B.6: Importance ratio histogram of alt policy > 99th percentile on Outcome
reward.
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Figure B.7: Importance ratio histogram of weight policy > 99th percentile on Outcome
reward.
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Figure B.8: Importance ratio histogram of random policy > 99th percentile on SOFA
reward.
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Figure B.9: Importance ratio histogram of min policy > 99th percentile on SOFA
reward.
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Figure B.10: Importance ratio histogram of max policy > 99th percentile on SOFA
reward.
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Figure B.11: Importance ratio histogram of alt policy > 99th percentile on SOFA
reward.
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Figure B.12: Importance ratio histogram of weight policy > 99th percentile on SOFA
reward.
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Figure B.13: Importance ratio histogram of min policy > 99th percentile on NEWS2
reward.
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Figure B.14: Importance ratio histogram of max policy > 99th percentile on NEWS2
reward.
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Figure B.15: Importance ratio histogram of alt policy > 99th percentile on NEWS2
reward.

Al
l

Gr
ou

p 
1

Gr
ou

p 
2

Gr
ou

p 
3

Gr
ou

p 
4

Gr
ou

p 
5

Gr
ou

p 
6

Gr
ou

p 
7

Gr
ou

p 
8

Gr
ou

p 
9

Gr
ou

p 
10

Gr
ou

p 
11

Gr
ou

p 
12

Patient Cohort

10 1

100

101

102

103

104

105

106

Im
po

rta
nc

e 
Ra

tio
 >

99
th

 p
er

ce
nt

ile type
uncalibrated
calibrated

Figure B.16: Importance ratio histogram of weight policy > 99th percentile on NEWS2
reward.
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C
Supplementary Results for Chapter 6

C.1 Reward Definition and Distributional Prop-
erties

The relationship between glucose risk and the reward signal used in the reinforcement

learning framework is illustrated in Figure C.1. A clipped transformation of the

Blood Glucose Risk Index (BGRI) was applied to yield bounded and learnable

reward values, while preserving clinical asymmetry in penalising hypo- and hy-

perglycaemic states.

The distribution of maximum glucose-related risk per patient episode is shown

in Figure C.2. A right-skewed profile is observed, indicating that a substantial

proportion of episodes involve at least one instance of extreme risk.

Figure C.3 presents the distribution of total accumulated returns across the

training, validation, and test sets. These distributions were found to be qualita-

tively similar, consistent with the stratified data splitting approach used during

cohort construction.

C.2 Training Details

Grid search is implemented to determine the optimal hyperparameter configurations

for both the hypoglycaemia prediction and insulin recommendation tasks. For

each candidate configuration, four independent training runs are performed using

distinct random seeds. Seeds were generated using np.random.seed(42) and

179



180 C.3. Integrated Gradients Implementation
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Figure C.1: Visualisation of the glucose risk index and corresponding reward transfor-
mation. The risk function exhibits a non-linear penalty that increases with deviation
from euglycaemia. The reward function is clipped and rescaled to favour glucose values
within the target range.

np.random.randint(0, 100000, 4), resulting in the seeds: 15795, 860, 76820

and 54886.

C.3 Integrated Gradients Implementation

Integrated Gradients (IG) [274] was employed to quantify the contribution of input

features to insulin administration predictions made by a GRU-based model. IG

computes feature attributions by integrating the model’s gradient with respect to

the input along a straight-line path from a baseline input to the actual input.

The baseline inputs were selected to reflect clinically meaningful reference states.

Specifically, zero was used for binary indicators (e.g., drug administration), while

the mid-point value (0.5) of each normalised channel was used for continuous

physiological measurements.
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Figure C.2: Histogram of maximum glucose risk per episode. A high frequency of
elevated risk values suggests that many patients encountered at least one period of
significant glycaemic instability.
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Figure C.3: Distribution of cumulative returns derived from the reward function across
all episodes. The alignment of return distributions across subsets reflects stratification by
patient phenotype.

C.4 Per-class Reliability Plot for Behavioural Model
Calibration



182 C.4. Per-class Reliability Plot for Behavioural Model Calibration

Table C.1: Unified hyperparameter search space. Comma-separated lists denote discrete
grid points; single values indicate parameters held constant. Common hyperparameters
apply to all neural architectures (MLP, RNN, LSTM, GRU, RETAIN, Transformer),
Behaviour Cloning and Reinforcement Learning agents unless stated otherwise.

Category Hyperparameter Values Applicable
Models

Common

Random seed [15795, 860, 76820,
54886]

All models

Learning rate [1 × 10−3, 1 × 10−4,
1× 10−5]

All deep models,
BC, RL

Batch size [128, 1024] All deep models,
BC, RL

Dropout probability [0, 0.1] All deep models,
BC

Hidden layer width 128 All deep models,
BC, RL

Number of layers 4 All deep models,
BC, RL

Training epochs 50 (patience = 5) All deep models,
BC, RL

Discount factor γ 0.99 RL
Target-update inter-
val

[100, 1000, 5000] RL

Traditional ML

Inverse regression
strength

[0.01, 0.1, 1, 10] Logistic regression

Number of trees [50, 100, 200] Random forest,
XGBoost

Maximum tree depth [None, 5, 10 ] Random forest
Minimum samples
split

[2, 5] Random forest

Learning rate [0.01, 0.1, 0.3] XGBoost

RL-specific

α [0.3, 0.5, 0.7] CQL
Action flexibility [0.1, 0.3, 0.5] BCQ
β [0, 0.3, 0.5] BCQ
Weight temperature [1, 10, 20] IQL
Expectile 0.7 IQL
Max weight [20, 100] IQL

Behaviour Cloningβ (KL weight) 0, 0.05, 0.1, 0.5 BC
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Figure C.4: Per-class reliability diagrams before and after calibration for the four top-
performing behaviour-cloning models used in off-policy evaluation. The blue line shows
model predictions before calibration, the orange line shows predictions after class-wise
temperature scaling, and the grey diagonal indicates perfect calibration.
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D
Supplementary Results for Chapter 7

D.1 Action Transformation in Continuous Action
Space: A Comparative Analysis of clip and
tanh

In continuous control problems with bounded action spaces, reinforcement learning

(RL) policy networks must transform unbounded latent logits z ∈ Rd into bounded

physical actions a ∈ [0, Dmax]d. This is commonly achieved using a two-step

transformation:

z ∼ N (µθ(s), diag(σ2
θ(s))), a = Dmax

2 (f(z) + 1) ,

where f : Rd → [−1, 1]d is an elementwise squashing function. Two common

functions f are:

f(z) =
tanh(z), (smooth squash),

clip(z,−1, 1), (hard cut).

D.1.1 Theoretical Properties of Tanh Transformation

The tanh function is differentiable and invertible from R → (−1, 1), allowing

precise computation of transformed action probabilities through the change-of-

variables formula. Given:
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of clip and tanh

a = g(z) = Dmax

2 (tanh z + 1), z = g−1(a) = artanh
( 2a
Dmax

− 1
)
,

the log-density of the transformed action is:

log πθ(a | s) = log ϕ(z;µθ(s), σθ(s))−
d∑
i=1

log
(
Dmax

2 (1− tanh2 zi)
)
.

This approach maintains consistency in sampling and probability evaluation,

preserving the validity of the PPO likelihood ratio and KL divergence computations.

Additionally, the tanh Jacobian term penalises extreme logits, implicitly favouring

safer, smaller interventions unless explicitly justified by strong model evidence.

D.1.2 Theoretical Limitations of Clip Transformation

In contrast, the clip function f(z) = clip(z,−1, 1) is neither differentiable nor

invertible outside [−1, 1]d. The correct action probability distribution under clipping

would need to be represented as a mixture distribution, combining truncated

Gaussian densities within bounds and discrete probability mass at boundary points.

However, most implementations incorrectly treat clipped actions as directly sampled

from a Gaussian distribution without accounting for clipping effects, leading to

several critical issues:

• Incorrect likelihood ratios: Clipped actions mismatch actual sampling

distributions, invalidating the PPO theoretical assumptions.

• Misleading KL divergence: The computed KL divergence ignores action

saturation, failing to correctly constrain boundary behaviours.

• Gradient instability: Non-differentiable clipping results in zero or incorrect

gradients, reducing policy training effectiveness.
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D.1.3 Practical Considerations

Despite the clip’s theoretical limitations, clipping remains widely used due to its

simplicity and numerical stability. While this may be acceptable for general-purpose

RL tasks without stringent safety requirements, we argue that the potential clinical

risks and theoretical inconsistencies could make clipping unsuitable for medical

decision-making tasks. Therefore, we choose to adopt the tanh-based transformation

for RL applications in healthcare settings as expert knowledge.

D.2 Heuristic Decision for Exploration Strategy
in Discrete Action Space

In reinforcement learning settings involving clinical dosing, naïve uniform exploration

often results in implausible or unsafe actions, particularly when the optimal policy

frequently prescribes no intervention. To mitigate this, we introduce a domain-

informed variant of ϵ-greedy exploration that assigns disproportionately high

probability to the zero-dose action, reflecting the real-world sparsity of insulin

administration events.

Specifically, given a discretised action space of size ||A||, the probability of

choosing action 0 (corresponding to a zero-dose) during exploration is defined as

p0 = ||A||(||A||+ 1)
2||A||2 − ||A||+ 1 ,

with the remaining probability mass (1 − p0) distributed uniformly across

the ||A|| − 1 non-zero actions:

pj = 1− p0

||A|| − 1 , j = 1, . . . , ||A|| − 1.

This formulation ensures that the ratio between p0 and any other pj scales

linearly with N , thereby preserving a strong safety bias even as the dose grid

becomes more finely discretised.

.
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Figure D.1: Exploration probabilities and expected exploratory insulin dose as a function
of discretisation size ||A||. Left: Probability assigned to the zero-dose action and each
non-zero action. As ||A||increases, it stabilises above 0.5. Right: Expected insulin dose
under the exploration distribution, assuming non-zero actions correspond to dose units.
The shaded region denotes the 95% bootstrap confidence interval.

Figure D.1 illustrates the evolution of p0 and pj as a function of ||A||. The

probability mass allocated to the zero-dose action quickly stabilises around 0.52 as

N increases, while the per-action mass for each non-zero dose diminishes accordingly.

This ensures that, despite an expanding action space, the exploratory policy

continues to prioritise conservative actions and the expectation of exploratory

dose can grow linearly with the number of actions that increase.

D.3 Hyperparameters for Small Reinforced Agent
Training

Table D.1: Common hyperparameters across all RL agents

Parameter Value(s)

Seed {1, 100, 1000, 10000}
Learning rate (lr) {1e-3, 1e-4}
Batch size 128
Use expert knowledge {False, True}
Observation mode Stack(48)
Discount factor (γ) 0.99
Exploration noise 0.1
Test-time ϵ (ϵtest) 0.001
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Table D.2: DQN-specific hyperparameters

Parameter Value(s)

Target network update frequency {100, 1000}
Update per step 1
Actor update frequency 1
Train-time ϵ (initial) 0.9
Train-time ϵ (final) 0.1
ϵ schedule Linear decay from 0.9 to 0.1

Table D.3: PPO-specific hyperparameters

Parameter Value(s)

On-policy steps per collect 192
Repeat per collect 20
GAE lambda (λ) 0.95
Conditioned σ {True, False}
Value function coefficient (vcoef) 0.5
Entropy coefficient (entcoef) 0.001
PPO clip range (ϵclip) 0.1
Value function clipping {True, False}
Dual clip None
Advantage normalisation True
Recompute advantage False
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