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Abstract

Custom diabetes care needs decision support that adapts quickly to each patient
while remaining transparent to clinicians. We face major challenge with a lack
of explainability in action of Artificial Intelligence (AI) and a heavy dependence
on large amounts of data for training in medical field. We present a hybrid
reinforcement learning (RL) approach that combines reward decomposition. It
separating clinically meaningful objectives such as glycaemic control, avoidance of
adverse events and intervention burden with a lightweight meta-learning routine
for fast per-patient adaptation. Using a custom Gymnasium environment derived
from the UCI diabetes time-series, we train Proximal Policy Optimization (PPO)
and compare it to a rule-based controller. Evaluation focuses on Time-in-Range
(TIR), hypoglycaemic events, insulin usage and sample-efficiency. In our current
configuration, PPO eliminates hypoglycaemic steps and reduces insulin use by
~86% relative to the rule baseline. A pilot meta-learning step yields small
per-task reward gains, indicating potential for personalization with limited data.
We discuss why control remains suboptimal (coarse action space, reward balance,
largely deterministic dynamics) and outline concrete remedies. Overall, the method
delivers interpretable trade-offs and data-efficient adaptation, offering a pragmatic
path toward trustworthy RL-based decision support in diabetes care.

Keywords: Reinforcement Learning, Personalized Diabetes Care, Reward
Decomposition, Meta-Learning, Proximal Policy Optimization (PPO)

1 Introduction

1.1 Background

Diabetes mellitus is a chronic metabolic disorder characterised by impaired insulin
production or action, leading to persistently elevated blood glucose and substantial
morbidity worldwide |[Shaikh et al| (2022). Effective management is inherently
individualised treatment plans should reflect a person’s age, comorbidities, lifestyle and
response to prior therapy. Yet in routine practice, care often follows uniform protocols
limiting responsiveness to patient heterogeneity.



Artificial Intelligence (AI) and in particular Reinforcement Learning (RL) offers a
way to tailor decisions over time by learning policies that optimise long-term clinical
outcomes from patient trajectories Ali (2022). However, two barriers have limited
clinical uptake. First, many RL methods are opaque, making it difficult for clinicians
to understand or trust why a medical recommendation was made. Second, RL models
are typically data-hungry, which is problematic in healthcare settings where labelled
longitudinal data are scarce and costly to obtain [Yu et al.| (2021).

This study addresses both issues by combining reward decomposition which,
separates overall reward into clinically meaningful components such as glycaemic control,
adverse-event avoidance and treatment burden with meta-learning to improve data
efficiency and enable rapid adaptation to new patients. We construct a custom
Gymnasium environment derived from the UCI diabetes dataset to simulate sequential
treatment decisions and evaluate transparent adaptive RL policies. The goal is to
demonstrate a practical pathway to explainable and sample-efficient decision support
for personalized diabetes care.

1.2 Problem Statement and Research Gaps

More than 853 million adults live with diabetes, creating a heavy clinical and economic
burden [Federation| (2025). Care must be individualized because disease trajectories and
treatment responses vary widely. This heterogeneity makes day-to-day decisions hard to
standardize. Reinforcement Learning (RL) can help by learning treatment policies that
adapt over time to each patient Banumathi et al. (2025)).

Two barriers limit clinical use. First, many RL models are not explainable. Clinicians
cannot see why an action was chosen, which reduces trust Abdellatif et al.| (2023).
Second, RL is often data-hungry because the learning process require a large number
of interactions with the environment to explore and exploit different states and actions
effectively. Healthcare datasets are small and noisy also patient-specific data are scarce
and costly to obtain. These factors slow learning and reduce reliability.

Recent work on reward decomposition improves transparency by splitting the
objective into clinical terms such as efficacy, side effects and cost Hu et al. (2023)).
Meta-learning can improve data efficiency by enabling rapid adaptation from limited
patient data. However, most studies treat these aims separately. Few combine reward
decomposition and meta-learning for diabetes management.

This study addresses that gap. We implement an RL framework that pairs reward
decomposition with meta-learning to provide more explainable and more adaptive
treatment recommendations for diabetes management.



1.3 Research Aim and Objectives

Research Aim

Design and evaluate a practical reinforcement learning framework that combines reward
decomposition for transparent decisions and meta-learning for fast per-patient adaptation
in personalized diabetes care with a focus on clinical safety and sample efficiency.

Research Objectives

e Build a custom Gymnasium environment from the UCI diabetes data for sequential
treatment decisions.

e Implement a PPO-based agent with reward decomposition to expose trade-offs
between glycaemic control, adverse events and intervention burden.

e Added a lightweight meta-learning routine to enable rapid adaptation to new
patient profiles.

e Evaluate against a rule-based baseline using clinical and RL metrics: Time-in-Range
(TIR), hypoglycaemic events, insulin use per step, learning curves and sample
efficiency.

e Assess explainability via per-channel reward logs and action distributions also

report limitations and ethical considerations for clinical translation.

1.4 Overview of Methodology

We build a practical Reinforcement Learning (RL) pipeline that couples reward
decomposition with meta-learning for personalised diabetes care.

Data & Preprocessing:- We use the UCI diabetes time-series based dataset. We clean
missing values align records into fixed steps normalise features and split by patient into
train/validation/test.

Environment:- A custom Gymnasium environment encodes:
e State: Recent glucose and treatment history and available covariates.
e Action: Three discrete insulin-intensity choices.
e Reward:

1. Glycaemic improvement
2. Hypo / Side-effect penalty

3. Treatment cost



Agent and Baseline:- The main agent is PPO (Stable-Baselines3). A rule-based
controller serves as the baseline.

Meta-learning;:- A lightweight per-patient adaptation step fine-tunes the PPO policy
on small task batches to improve data efficiency and personalisation.

Training:- We fix random seeds, use early stopping on validation signals and save
models, logs and plots for reproducibility.

Evaluation:- We report Time-in-Range (TIR), hypoglycaemic and hyperglycaemic
steps, insulin use per step, average return and sample efficiency. We assess generalisation
on unseen patients.

Explainability:- We analyse reward channels and action distributions over states to
show why the agent acts and how it trades control, safety and burden.

2 Literature Review

2.1 RL for Personalized Treatment

Reinforcement Learning (RL) is a natural fit for sequential clinical decisions. It learns
policies that optimise long-term outcomes from patient trajectories. In diabetes care, RL
has been used to recommend insulin dosing and drug adjustments, with signs of improved
glycaemic control over fixed protocols |Sun et al.| (2021)). Yet adoption remains limited in
practice.

2.2 Barriers: Transparency and Trust

Clinicians need to understand why an action was chosen. Many RL models are black
boxes, which weakens trust and slows clinical uptake Abdellatif et al.| (2023)). Lack of
interpretability also hinders safety review and governance.

2.3 Barriers: Data Scarcity and Heterogeneity

RL is often data-hungry. Healthcare data are sparse, noisy and expensive to collect.
Patient heterogeneity further fragments the data and reduces sample efficiency [Yu et al.
(2021]).

2.4 Reward Decomposition for Explainability

Reward decomposition splits a composite reward into clinical parts such as efficacy,
adverse events and treatment burden. [Vouros (2023) formalises this approach for
explainable deep RL, while Hu et al.| (2023) demonstrate interpretable RL in a clinical
ICU setting.

2.5 Meta-Learning for Fast Adaptation

Model-agnostic meta-learning methods such as MAML [Finn et al.| (2017) and PEARL
Rakelly et al| (2019)) can adapt policies to new patients using few trajectories. Rafiei
et al.| (2024) report rapid adaptation on healthcare problems and review meta-RL for
personalised medicine,.Banumathi et al.| (2025).



2.6 Missing Piece: Combining Both Aims

Most studies emphasise either interpretability or fast adaptation. Few unite reward
decomposition with meta-learning in diabetes care. This limits real-world impact, where
clinicians need transparent reasoning and rapid personalisation.

2.7 Related Approaches Beyond RL

Supervised recommenders (e.g., gradient boosting, random forests) can map features
to clinician-approved actions and are compatible with SHAP/LIME for feature-level
explanations. They do not model state transitions, so they lack adaptive planning over
time |Abdellatif et al. (2023). Physiological simulators (e.g., Bergman minimal model,
UVA /Padova) support in-silico testing and safety checks, but rely on fixed parameters
that may not generalise to broader populations. Model Predictive Control (MPC)
optimises actions under constraints and offers clear safety guarantees, yet it requires
accurate patient-specific models and can struggle with noisy and sparse data.

Bayesian personalised medicine encodes prior knowledge and quantifies uncertainty, but
scaling to high-dimensional, long-horizon decisions is challenging Hu et al.| (2023).
Hybrid ideas exist adding safety constraints to RL or using Bayesian priors but a
principled, end-to-end design that is both transparent and rapidly adaptive for diabetes
remains under-explored.

2.8 Positioning of this Study

We address the gap by pairing reward decomposition (for clinical transparency) with
meta-learning (for fast, data-efficient adaptation). The goal is a practical RL framework
that clinicians can inspect, audit and adapt to diverse patient profiles.

3 Dataset and Preprocessing

3.1 Dataset

We use the UCI Diabetes time-series dataset originally prepared for the AIM 94
community Kahn (1994). It contains records for 70 patients with insulin-dependent
diabetes. Each record consists of four tab-separated fields: Date (MM-DD-YYYY),
Time (HH:MM), an event Code and a numeric Value. The Code specifies the type of
event. For example, insulin doses (33 = Regular, 34 = Neutral Protamine Hagedorn
(NPH), 35 = UltraLente) and blood-glucose measurements (e.g., 58 = pre-breakfast, 60
= pre-lunch). The Value field represents either the insulin units for dose events or the
glucose level Milligrams per Deciliter(mg/dL) for measurement events.

Data came from two sources: some patients used an electronic recorder with a
real clock, while others logged events on paper using “logical” times (breakfast, lunch,
dinner, bedtime). For paper logs, the repository maps these to fixed times (08:00, 12:00,
18:00, 22:00). This mix produces irregular sampling and missingness patterns typical
of real-world logs. Although the dataset is relatively good for exploration, it is rich in
event types, making it suitable for a Reinforcement Learning (RL) environment focused
on action transparency and fast adaptation. It is not a large clinical registry and should



Study Setting / Key Limitation Relevance
Method Contribution

Sun et al. (2021) RL for Type-2 RL can Limited Motivates RL
diabetes outperform interpretability in diabetes
treatment fixed protocols

Abdellatif et al. (2023)

Vouros (2023)

Hu et al. (2023)

Rafiei et al. (2024)

Banumathi et al. (2025)

Review of RL
in healthcare

Explainable
Deep RL

Interpretable
RL for ICU

Meta-learning
in healthcare

Meta-RL for
personalised
medicine
(review)

in glycaemic
control
Highlights
transparency,
safety, trust
issues

Reward
decomposition
for
interpretability
Aligns policies
with clinical
reasoning
Rapid
adaptation
from limited
data

Surveys
personalisation
via meta-RL

No combined
solution

No fast
adaptation

ICU focus; no
meta-learning

No reward
decomposition

Lacks
integrated
interpretability

Justifies
explainability
need

Provides
transparency
tool

Shows
interpretable
design patterns

Provides
adaptation tool

Supports
hybrid rationale

Table 1: Summary of related studies contributions and limitations.

not be treated as such. Instead, we use it to simulate sequential decision-making and to
study explainability and data-efficiency under realistic constraints.

3.2 Preprocessing

The goal was to transform irregular event logs into clean, patient-wise sequences suitable
for reinforcement learning (RL) agent training. The preprocessing pipeline consisted of
several stages:

Ingestion and Parsing: The 70 patient files were loaded with a persistent
patient_id. Date and Time fields were combined into a single timestamp. Strict parsing
with error coercion was applied and rows with invalid or missing timestamps were
dropped. Records were then sorted by patient_id and timestamp.

Event Harmonisation: The UCI Code field was mapped to human-readable
categories (e.g., glucose reading, insulin type). Only events relevant to glycaemic
control and insulin delivery were retained. Duplicate rows and timestamp collisions were
removed.



Temporal alignment: Logs were resampled within each patient to a fixed step size
(e.g., hourly). When multiple events occurred within the same bin, aggregation rules
were applied: the latest glucose reading was retained, and insulin doses were summed.
Short gaps were forward-filled within a small window; longer gaps remained missing and
were subsequently excluded.

Type safety and ranges: Numeric fields were coerced using pandas.to numeric.
Non-numeric values were discarded. Robust outlier handling was performed via quantile
clipping, limiting extreme values without suppressing real variability.

Feature construction: Derived features were created to summarise recent patient
history including:

e current glucose and lag values

e short rolling statistics of glucose

e insulin given in recent time windows
e time-of-day indicators

These features formed the state vector s,. A shifted copy produced s;.1, enabling
construction of transition tuples.

Targets for rewards: Helper flags were created for environment use, including;:
e hypoglycaemia and hyperglycaemia indicators
e insulin burden per step

Reward computation itself was deferred to the environment, which referenced these
derived columns.

Normalisation:- A StandardScaler was fitted only on the training split and applied
to validation and test sets to prevent data leakage. The fitted scaler was preserved for
consistent transformation at evaluation.

Splitting:- Patients were partitioned into train, validation and test sets, ensuring
no patient appeared in more than one split. This tested model generalisation to unseen
patients.

Quality checks:- Final checks confirmed no missing values in key features, validated
distributions and time-series trends and verified sufficient sequence lengths for rollouts.



4 Methodology
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Figure 1: Stages of Methodology

4.1 Data Preprocessing and Feature Engineering

We converted the UCI Diabetes event logs into clean, patient-wise sequences suitable for
reinforcement learning (RL).

Parsing: The 70 patient files were loaded with a stable patient_id. Date and Time
were merged into a single timestamp. Rows with invalid or missing timestamps were
dropped, and records were sorted by patient_id and timestamp.



Event mapping: UCI Code values were mapped to human-readable labels (e.g.,
glucose reading types, insulin types). Events unrelated to glycaemic control and insulin
delivery were removed. Duplicate rows and exact timestamp collisions were excluded.

Temporal alignment: Each patient’s records were resampled to a fixed step size
(e.g., hourly). Within each bin, the latest glucose reading was retained and insulin doses
were summed. Short gaps were forward-filled within a small window, while longer gaps
were left missing and excluded from rollouts.

Feature set: The state vector included current glucose, short lags, rolling statistics,
insulin in recent time windows and time-of-day indicators.

Type safety and ranges: Numeric fields were coerced using pandas.to numeric,
and extreme outliers were clipped via quantile thresholds to reduce instability.

Normalisation: A StandardScaler was fitted only on the training data, then
applied consistently to validation and test splits.

Splitting: Patients were partitioned into training, validation and test sets to ensure
evaluation on unseen patients.

Diagnostics: Final checks confirmed no missing values in model inputs and verified
sufficient per-patient sequence lengths.

4.2 Environment Modeling

The problem was modeled as a Markov Decision Process (MDP):

e State s;. Feature vector comprising recent glucose history, insulin events and time
indicators.

e Action a;. Three discrete insulin-intensity choices: none/low, moderate or high.
e Reward r;. Decomposed into:

— Trange: Progress toward the target glucose band (Time-in-Range objective),
— Thypo: penalty for hypoglycaemia risk/events,
— Teost: treatment burden (insulin use).
Each reward channel was logged per step and episode for transparency. A learned

glucose-transition model was built from the preprocessed sequences, governed state
transitions and captured empirical variability.



4.3 Reinforcement Learning Framework

The primary agent was Proximal Policy Optimization (PPO), implemented using
Stable-Baselines3.

Training:- Random seeds were fixed. Models were trained for approximately 30k
timesteps per run using standard PPO hyperparameters (discount factor, clipping,
entropy regularisation). Checkpoints, logs and plots were stored.

Reward decomposition:- PPO optimised the summed reward, but individual
reward channels were logged separately for interpretability.

Meta-adaptation:- A lightweight per-patient fine-tuning step (Reptile-style) was
applied to adapt PPO policies to small patient-specific tasks. Per-task reward deltas
were reported as a pilot indicator of personalisation.

Reproducibility:- All code, scalers, environment configurations and random seeds
were saved with each run.

4.4 Baselines and Evaluation

Baseline:- A rule-based proportional controller increased insulin under hyperglycaemia
and tapered doses at lower glucose levels.

Metrics:-

e Clinical: Time-in-Range (TIR), hypoglycaemic steps, hyperglycaemic steps, insulin
units per step.

e RL: Average return, Sample-efficiency (Reward progression vs Timesteps).

Explainability:- Episode-level summaries of reward channels and action-distribution
plots were used to illustrate how the agent balanced control, safety and treatment burden.

Protocol:- Models were tuned on validation data and evaluated on held-out patients.

Results were reported as means and distributions across episodes, with qualitative
trajectory comparisons included.
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5 Results and Analysis

5.1 Training Dynamics and Performance Metrics

We trained a Proximal Policy Optimization (PPO) agent in the custom Gymnasium

environment for approximately 30k timesteps using standard Stable-Baselines3 settings

(v = 0.99, batch size = 64). A rule-based proportional controller served as the baseline.

Models were selected on validation and then evaluated on held-out test patients.
Held-out test set (30 episodes).

Metric (mean over 30 eps) PPO (test) Rule (test) PPO (val) Rule (val)

Time-in-Range (TIR (%)) 1.39 1.39 0.00 0.00
Hypoglycaemic steps (per ep) 0.00 1.00 0.00 1.00
Hyperglycaemic steps (per ep) 71.0 70.0 72.0 71.0
Insulin units / step 1.34 9.72 1.20 9.82
Mean glucose (mg/dL) 593.2 - 596.3 -

Table 2: PPO vs rule baseline on validation and test splits (unseen patients).

e Time-in-Range (TIR, %): PPO = 1.39, Rule = 1.39 (no improvement).

e Hypoglycaemic steps (mean per episode): PPO = 0.00, Rule = 1.00 — PPO avoids
hypos.

e Hyperglycaemic steps (mean per episode): PPO = 71.0, Rule = 70.0 (both very
high).

e Insulin units per step (mean): PPO = 1.34, Rule = 9.72 — ~86% less insulin with
PPO.

e Mean glucose (mg/dL): PPO = 593.2 (elevated).
Validation set (30 episodes).
TIR (%): PPO = 0.00, Rule = 0.00.

Hypoglycaemic steps (mean per episode): PPO = 0.00, Rule = 1.00.

Hyperglycaemic steps (mean per episode): PPO = 72.0, Rule = 71.0.

Insulin units per step (mean): PPO = 1.20, Rule = 9.82.

Mean glucose (mg/dL): PPO = 596.3 (elevated).

Takeaway: The PPO agent learns a conservative, hypo-averse policy that drastically
reduces insulin usage (~86% reduction compared to the rule baseline) while eliminating
hypoglycaemic events. However, it does not improve Time-in-Range under the current
environment and action design. This outcome aligns with the action histogram, which
shows high-intensity dosing used sparingly. The results suggest that the current reward
balance and action granularity favour safety and parsimony over aggressive glucose
correction.

11



5.2 Reward Decomposition Analysis

TEST — Insulin Action Distribution

Rule (kp=1.5)
PPO

0 2 4 6 8 10
Insulin per step (U)

Figure 2: Policy behaviour on held-out test patients. Distribution of insulin-intensity
actions (low/none, moderate, high). PPO selects low/moderate dosing most of the time
and reserves high intensity for extreme glucose, matching the zero-hypo and low-insulin
usage results.

The reward was decomposed into three channels:

(i) Range (Progress toward the target glucose band)
(ii)) Hypo Penalty (safety)
(iii) Treatment Cost (insulin burden).

While PPO optimised the summed reward, each channel was logged separately to
provide interpretability.

Channel observations:

e Range: Remains low because glucose stays persistently high, the agent does not
push aggressively into the target band.

e Hypo penalty: Near zero, consistent with the complete avoidance of
hypoglycaemic events on validation and test.

e Cost: Strongly negative for the rule-based baseline but much smaller for PPO,
reflecting the ~86% reduction in insulin use.

Action behaviour: Action histograms on the test set show that PPO mostly selects
low or moderate dosing, reserving high-intensity actions for extreme glucose levels.
This indicates a cautious escalation strategy consistent with the hypo-averse behaviour
observed.

5.2

Meta-Adaptation Signal: A lightweight per-patient fine-tuning step produced small
but consistent reward gains across most held-out tasks (A mean ~ +2.28, min —0.07,
max +5.33). This suggests that rapid adaptation can support personalisation, although
overall glycaemic control remains limited and requires improved action design and
reward balance.
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5.3 Personalisation via Meta-Learning
A lightweight per-patient fine-tune yields small reward gains across most tasks

(mean A reward ~ +2.28, range [—0.07, +5.33]).

Fast adaptation (heads+last_shared, log_std trainable) — reward vs rounds

=o—= Task 0  =—e= Task 4

—940 Task 1 Task 5
== Task 2 =@= Average across tasks 2
== Task3 — Baseline (round ean)

-941

-942 4

A avg = +2.285

-943

Mean episodic reward

—944

-945

0.0 05 10 15 20 25 30
Adaptation round

Figure 3: Per-task reward improvement (A reward) after quick meta-adaptation on

held-out patient tasks. Small but consistent gains suggest personalisation potential;
overall glycaemic control still requires finer actions and stronger range-centric rewards.

5.4 Action Distribution and Policy Interpretability

Action Description Proportion of Actions (%)
0 No treatment / low-intensity insulin 65.2
1 Moderate-dose insulin 20.0
2 High-intensity insulin (aggressive dosing) 14.8

Table 3: Distribution of insulin dose actions selected by the PPO agent during training
episodes.

The treatment action of highest intensity (Action 2), corresponding to aggressive
insulin dosing, accounted for approximately 14.8% of actions. This was primarily
triggered when normalised glucose levels exceeded 0.7, indicative of severe hyperglycaemia
requiring immediate intervention.

(Action 0) was largely restricted to states of low glucose and insulin, while

(Action 1) dominated states with moderate derangements. (Action 2) was invoked
selectively, reflecting a cautious escalation strategy consistent with clinical practice.
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5.5 Generalisation to Unseen Patient Profiles

We evaluated how well the learned policy transfers to patients not seen during training.
Splits were done strictly by patient identity, ensuring no overlap across train, validation
and test.

Protocol:
1. Train PPO on the training patient cohort.
2. Evaluate on held-out patients (zero-shot performance).

3. Apply a lightweight Reptile-style fine-tuning step using five episodes per held-out
patient.

4. Re-evaluate on the same held-out patients after adaptation.

Metric: The main outcome was the change in average episode reward per patient
Areward = post-adaptation — pre-adaptation.

Findings: The adaptation step yielded small but consistent improvements across
most patients. The per-task analysis showed a mean A ~ +42.28, with a range of
[—0.07,4-5.33] reward units. This indicates that a brief, patient-specific update helps
the agent align to new dynamics. However, overall glycaemic control remained limited
(Time-in-Range did not improve), suggesting constraints in action granularity and
reward balance rather than failure to adapt.

Statistic Value (Reward Units)
Mean A reward +2.28
Minimum A reward -0.07
Maximum A reward +5.33

Table 4: Meta-adaptation reward improvements on held-out patient profiles.

Interpretation: The policy is already hypo-averse and insulin-sparing.
Meta-adaptation provides small gains in alignment but cannot overcome the limitations
of the coarse action space and conservative reward shaping. To improve generalisation
of clinical outcomes (e.g., Time-in-Range), the framework will likely need finer dosing
actions and stronger range-centred reward signals.

Limitations: Short adaptation windows and the simplified transition model limit

what meta-learning can achieve. Future work with longer horizons, stochastic patient
dynamics and richer covariates may yield stronger personalisation effects.

14



5.6 Limitations and Technical Challenges

This study has technical limits that affect validity and generalisation. Key issues and
suggested mitigations are summarised below.

e Deterministic dynamics: The environment uses largely deterministic, learned
transitions, whereas real glucose—insulin physiology is noisy. Missing process noise
reduces realism and can overfit policies to narrow patterns.

Mitigation: introduce process/measurement noise, apply domain randomisation or
adopt ensemble dynamics models to capture uncertainty.

e Coarse action space: Insulin dosing was discretised into three levels. While this
improves stability and interpretability, it limits fine control. The policy remained
conservative and did not improve Time-in-Range.

Mitigation: use continuous dosing (e.g., actor—critic with Gaussian policy) or
hierarchical /action-smoothing approaches with more bins and safety guards.

e Reward balance: Hypoglycaemia and cost penalties outweighed the
range objective, encouraging insulin-sparing behaviour but under-correcting
hyperglycaemia.

Mitigation: re-weight rewards toward the range objective, apply potential-based
shaping around the target band or explore risk-sensitive and constrained
optimisation.

e Meta-learning scope: Only brief per-patient fine-tuning was used, yielding small
gains without improvements in clinical KPIs such as Time-in-Range.
Mitigation: extend safe adaptation with early stopping, adapt on richer covariates
and directly evaluate post-adaptation KPIs (TIR, Events).

e Evaluation constraints: Current results rely on an internal simulator and online
rollouts, with no off-policy evaluation against clinician behaviour and limited
hyperparameter sweeps.

Mitigation: add off-policy evaluation, run multi-seed experiments with confidence
intervals and perform targeted hyperparameter tuning.

e Uncertainty and robustness: Policies and dynamics are point estimates without
calibrated uncertainty. This limits robustness under noise and drift.
Mitigation: employ bootstrapped ensembles or Bayesian layers for
uncertainty-aware decision making and robustness testing.

Despite these constraints, the study avoided patient leakage by splitting by identity
and enhanced transparency by logging decomposed reward channels. Nonetheless, the
combination of deterministic dynamics and coarse actions explains why control remained
poor despite safe dosing. Future iterations should prioritise stochastic dynamics, finer
action spaces and range-centred reward shaping, then re-evaluate on unseen patients
with multi-seed runs and confidence intervals.

15



5.7 Visualization and Diagnostic Plots

Action Proportion of actions (%)
0 = No / Low-dose insulin 55.7
1 = Moderate-dose insulin 29.5
2 = High-dose insulin 14.8

Table 5: Distribution of actions chosen by the PPO policy on held-out test patients.

Table [3] summarises how often the PPO policy selected each insulin-intensity action on
held-out test patients. The agent primarily used low and moderate dosing and reserved
high-intensity dosing for extreme states.

This pattern explains the quantitative results: zero hypoglycaemic steps and much
lower insulin use than the rule-based baseline, but no improvement in Time-in-Range
(TIR). The behaviour is consistent with the reward decomposition: strong hypo penalty
and cost terms discouraged unnecessary escalation, while the range reward alone was not
sufficient to drive glucose consistently back into the target band.

5.8 Comparison with the Rule Baseline
PPO vs Rule-based Controller

Metric Rule Controller | PPO Agent
TIR (%) 1.39 1.39
Hypoglycaemic steps (per episode) 1.00 0.00
Hyperglycaemic steps (per episode) 70.0 71.0
Insulin units per step (mean) 9.72 1.34
Mean glucose (mg/dL) 593.2 593.2

Table 6: Comparison of PPO vs. rule-based baseline on held-out test patients.

Table [6] compares the PPO agent to a simple rule-based controller on the held-out
test set. PPO uses approximately 86% less insulin per step and avoids hypoglycaemic
steps entirely. Time-in-Range (TIR) remains unchanged, while hyperglycaemia persists.
These results indicate a conservative, insulin-sparing policy that prioritises safety over
aggressive correction.
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5.9 Distribution of Normalised Glucose
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Figure 4: Distribution of standardised glucose values across patients.

Figure 4] shows the distribution of standardised glucose values across the processed cohort.
The density is right-skewed with a long high-glucose tail, consistent with the high mean
glucose in our results. This variability supports the need for agents that can handle
frequent hyperglycaemia while avoiding hypoglycaemia.

6 Discussion

6.1 Efficacy of the Reinforcement Learning Framework

The hybrid design achieved the central aim: transparent and auditable decisions with
safe dosing behaviour. Reward decomposition made trade-offs visible. The logged
channels show that the hypoglycaemia penalty and treatment-cost terms steered the
policy away from unnecessary escalation. This is consistent with the outcomes in
Section |5} zero hypoglycaemic steps and approximately 86% lower insulin use than the
rule baseline, but no improvement in Time-in-Range (TIR).
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Figure 5: Distribution of observation counts per patient after preprocessing, binned into
ranges.

Action distributions confirm a cautious escalation strategy. The agent chose low
or moderate dosing most of the time and reserved high-intensity actions for extreme
states. Clinically, this behaviour appears sensible and is easy to explain. It also explains
the central limitation: the policy under-corrected persistent hyperglycaemia, so TIR
remained low.

Meta-learning added small, consistent gains in episode reward on held-out patients
(mean A ~ +2.28; Section . This suggests potential for personalisation with limited
data. However, these gains did not yet translate into improved clinical Key Performance
Indicators (KPIs). The bottlenecks appear to be design choices, not adaptation capacity.

Overall, the framework delivered interpretability and safety under realistic data
constraints. To convert that into better glycaemic control the next iteration should:

e move beyond three discrete actions to a finer or continuous dosing space.

e re-balance rewards toward range (e.g., stronger range-centred shaping or
constraints)

e add stochastic or ensemble dynamics to reflect physiological variability.

e cvaluate with multi-seed runs and confidence intervals, supplemented by off-policy
checks where feasible.

In short, the current policy is interpretable and trusted, but improvements in action
granularity, reward balance and dynamics realism are required to achieve higher TIR
without compromising the safety profile.

6.2 Clinical Relevance

The framework demonstrates how Reinforcement Learning (RL) can be shaped to
respect clinical priorities of safety, interpretability and personalisation. In practice,
clinicians will not adopt systems that act as black boxes or that expose patients to
excess risk. Reward decomposition provides a clear audit trail: each recommendation
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can be traced back to improvements in glycaemic control, penalties for hypoglycaemia
and treatment burden. This transparency allows healthcare professionals to understand
why a decision was made, a prerequisite for clinical trust and regulatory approval.

The results show that the policy is hypo-averse and parsimonious in insulin use.
Although TIR did not improve, this conservative behaviour aligns with clinical safety
standards by avoiding dangerous lows. Such a property is particularly important in
early deployments, where systems must demonstrate a strong safety profile before more
aggressive optimisation can be attempted.

Meta-learning added a layer of personalisation by enabling fast adaptation to new
patients with only a few episodes of data. This is essential in diabetes care, where
heterogeneity across patients makes one-size-fits-all treatment inadequate. Even small
per-task gains demonstrate feasibility for systems that can adapt to rare or low-data
profiles, including newly diagnosed patients.

From a translational perspective, the framework provides a pragmatic path forward.
By coupling explainability with adaptability, it addresses two of the main reasons RL
has struggled in clinical uptake: lack of trust and limited data. With refinement of the
action space, reward balance and stochastic dynamics. The framework could evolve into a
decision-support tool that augments clinician judgement, improves efficiency and reduces
the cognitive load in day-to-day diabetes management.

6.3 Algorithmic Performance and Adaptability

Overall performance:- PPO learned a safe, conservative dosing policy. On held-out
patients it achieved zero hypoglycaemic steps and approximately 86% lower insulin
use than the rule baseline. Time-in-Range (TIR) did not improve and hyperglycaemia
remained frequent. This trade-off reflects the current reward balance and coarse
three-level action space.

Sample efficiency and stability:- Learning curves rose steadily with stable
updates. Training diagnostics (e.g., small KL changes and modest clip fractions) indicate
stable policy optimisation. PPQO’s on-policy updates and clipped objective helped avoid
large, unstable parameter jumps.

Adaptability to new patients:- We tested a brief per-patient fine-tune after
zero-shot evaluation. Most tasks showed small positive reward gains (mean A ~ +2.28;
see §5.5). This suggests that quick personalisation is feasible with limited data. However,
these gains did not translate into better TIR under the current design. Adaptation
helps, but action granularity and range-centred rewards are the bottlenecks.

What limits PPO here:-

e Three discrete actions restrict fine control and keep the policy cautious.

e Reward weights favour safety and cost, so the agent under-corrects high glucose.

e Deterministic dynamics reduce realism and can bias learning toward narrow

behaviours.
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Next Steps

e Move to finer or continuous dosing (e.g., Gaussian-policy actor—critic; consider SAC
with safety guards).

e Add risk-sensitive or constrained PPO to enforce range targets while preserving
hypo safety.

e Introduce stochastic or ensemble dynamics to reflect physiological variability and
improve robustness.

e Strengthen range-centred shaping (e.g., potential-based rewards around the target
band).

e Keep meta-learning, but evaluate post-adaptation on clinical KPIs (TIR, events)
and consider task encoders (PEARL-style) for faster inference.

Summary:- PPO delivers stability, safety and transparency. It adapts modestly with
a small data budget. To convert that into better glycaemic control, we need finer actions,
range-weighted objectives and more realistic dynamics, then re-test on unseen patients
with multi-seed runs and confidence intervals.

6.4 Data and Modeling Limitations

Inherited several constraints from both the AIM’94 UCI Diabetes dataset and the
environment design.

Dataset constraints: The dataset consists of event logs with four fields (Date,
Time, Code, Value). It lacks broader clinical covariates such as comorbidities, adherence,
meal quantities, and activity intensity. This narrows the state space and constrains
policy learning. The logs also mix true timestamps (recorder) and mapped “logical”
times (paper), creating irregular sampling and artifacts in timing [Kahn, (1994)).

Deterministic physiology: Insulin absorption and action vary intra-patient and
inter-patient at clinically meaningful levels, which directly affect glucose trajectories.
Our environment is largely deterministic and under-represents that variability. This
limits robustness and can bias policies toward narrow behaviours. In diabetes technology,
simulators such as UVA /Padova explicitly model variability and are used for in-silico
trials, underscoring the importance of stochastic dynamics for evaluation Fox et al.| (2020).

Coarse action space: We used a three-level discrete action space. While this design
aids stability and interpretability, it restricts fine dosing. Continuous control methods
(e.g., Soft Actor—Critic) are more suitable in such contexts and would allow smoother
titration with safety guards Rakelly et al.| (2019).

Preprocessing risks: Outlier handling and clipping prevented numeric issues but
may also trim clinically important excursions (e.g., severe hyperglycaemia), thereby
reducing the signal needed to drive aggressive correction. In healthcare RL, preprocessing
choices and data realism are themselves part of evaluation risk and should be surfaced
and stress-tested Abdellatif et al.| (2023).
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Sparse coverage: Small, heterogeneous trajectories yield sparse coverage of rare
but clinically important states. Deterministic models exacerbate overfitting to common
regimes.  Uncertainty-aware dynamics (e.g., probabilistic ensembles) and domain
randomisation can improve robustness by exposing the agent to variability during
training Rafiei et al.| (2024).

6.5 Implications for Clinical Translation

This study shows a credible pathway toward RL-based decision support that clinicians
can inspect and audit. Reward decomposition exposes the trade-offs behind each
recommendation, addressing a central barrier to trust and safety review in healthcare
RL |Juozapaitis et al.| (2019). The policy’s behaviour is transparent cautious escalation,
zero hypoglycaemia and substantially lower insulin usage which is straightforward to
explain in clinic. A brief per-patient adaptation step yields small, consistent reward
gains on held-out patients (mean A =~ +42.28; §5.5), indicating practical potential for
personalisation with little data Rakelly et al. (2019).

That said, the current system is not yet clinically ready. Time-in-Range (TIR) did
not improve, which we trace to: (i) a coarse three-level action space and (ii) a reward
balance that prioritises safety and parsimony over aggressive correction. For translation,
the next iterations should: (1) introduce finer or continuous dosing with safety guards,
(2) re-weight the objective around the target range (3) move from largely deterministic
dynamics to stochastic/ensemble models that reflect real physiological variability |Chua
et al. (2018).

Clinical evaluation pathway: Translation should proceed in graduated steps:
high-fidelity in-silico studies with realistic variability (e.g., UVA/Padova), off-policy
evaluation and auditing on historical data, then clinician-in-the-loop simulations
before any prospective deployment Gottesman et al. (2019). Early feasibility signals
from pilot trials of RL-assisted insulin dosing Jafar et al. (2024) suggest that carefully
constrained, explainable and adaptable agents can be acceptable at the bedside—provided
performance on core clinical KPIs (TIR, hypo/hyper events) improves and uncertainty
is handled explicitly.

Practical takeaways for deployment

e Keep decomposed rewards visible in the interface so clinicians see why actions are
suggested.

e Add uncertainty-aware logic (ensembles or variance thresholds) to trigger fallbacks
to rule-based care when confidence is low |Chua et al.| (2018]).

e Validate with multi-seed confidence intervals, off-policy evaluation (OPE) and
pre-registered evaluation protocols consistent with healthcare RL guidance
Gottesman et al.| (2019).

e Engage clinicians early to co-design constraints, alert thresholds and override
workflows.
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7 Conclusion and Future Work

7.1 Conclusion

We built a transparent and adaptive RL framework for diabetes decision support by
pairing reward decomposition with brief per-patient adaptation. The policy learned
safe, conservative dosing: it avoided hypoglycaemia and used ~86% less insulin than
a rule baseline on unseen patients. The decomposed reward channels made trade-offs
explicit and easy to audit. However, Time-in-Range (TIR) did not improve and
hyperglycaemia remained common. Meta-adaptation delivered small, consistent gains in
episode reward (mean A &~ +2.28) but did not improve clinical KPIs under the current
design. The shortfall tracks to three-level actions, reward balance that favours safety and
parsimony, and largely deterministic dynamics. The framework is therefore trustworthy
and explainable, yet not clinically effective on glycaemic control in its present form.

7.2 Future Work

To translate this approach into practice, my recommendation:

e Finer dosing: move from three discrete actions to continuous or multi-bin dosing
with safety guards.

e Range-centred rewards: strengthen penalties for sustained hyperglycaemia and
use potential-based shaping around the target band.

e Stochastic dynamics: introduce process and measurement noise or ensemble
models, to reflect physiological variability and improve robustness.

e Adaptation that matters clinically: keep meta-learning but evaluate
post-adaptation TIR and events, not just rewards. Consider patient task encoders
for faster personalisation.

e Uncertainty and fallbacks: expose model uncertainty and trigger rule-based
overrides when confidence is low.

e Evaluation rigour: use multi-seed runs with confidence intervals, off-policy
evaluation where behaviour logs exist and pre-registered protocols.

e Richer data: add meals, activity, comorbidities and adherence signals to enlarge
the state space and support more precise control.

e Clinical pathway: stage validation from high-fidelity in-silico studies to
clinician-in-the-loop simulations, then carefully scoped prospective work.

In short, we now have a readable and auditable RL policy that respects safety. With
finer actions, range-focused objectives, and realistic dynamics, the same framework can
target meaningful gains in Time-in-Range while keeping clinicians in control.
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