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Abstract

The success of artificial intelligence in modelling complex data, from natural lan-

guage to visual inputs, has inspired its application to healthcare. In cancer care, the

cancer pathway consists of a sequence of longitudinal health data that combines develop-

ment of the disease with interactions between patients and various healthcare providers.

Modelling both the disease progression and human interactions within cancer pathways

remains a significant challenge. As a result, there is a pressing need for approaches

that can better capture and understand complex cancer data and pathways for unified

solutions. This includes considering the unique characteristics of cancer pathways be-

ing multi-outcome, captured within various data sources, and often suffering from lim-

ited data and labels. To address these issues, this research focuses on developing deep

learning-based methods for cancer pathways modelling, utilising transformer-based mod-

els with longitudinal health data. A series of models are proposed that leverage strategies

including multi-task learning; longitudinal patient modelling; and transfer learning; that

are tailored to the cancer context. Experimental testing of these models demonstrates their

ability to improve predictions for cancer patients and provide more effective, flexible, and

data-efficient approaches. This work illustrates the value of the Transformer in captur-

ing intricate relationships between cancer patients and the healthcare system, offering a

promising foundation for advancing the modelling of cancer pathways and improving the

care and outcomes for cancer patients.

Keywords: Cancer, Cancer Pathways Modelling, Transformer, Deep Learning, Health-

care, Longitudinal Health Data.
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Chapter 1

Introduction

This chapter provides the background and motivation for this research by describing the

current challenges and problems of cancer pathways, and the modelling of longitudinal

health data with transformers. It also presents the research aim and objectives, signifi-

cance, contributions, and provides an outline of the thesis structure.

1.1 Background and Motivation

Cancer is a cellular disease characterised by abnormal cells that grow within the

body uncontrollably [205, 231, 171]. Because of this uncontrollable growth, cancer can

spread from its original site to other parts of the body, in a process known as ‘metastasis’

[181, 182]. The continuous and evolving nature of cancer, with its ability to evade the

immune response and resist therapies, makes it challenging to develop broadly applicable

treatment approaches [182, 271]. This results in numerous treatment options and ongoing

development of new therapies [64, 61], driving complex and heterogenous cancer path-

ways.

Cancer pathways consist of the events related to the progression, treatment and mon-

itoring of cancer, as well as co-morbid (co-occurring) conditions, resulting in intricate

interactions between patients and healthcare providers. In addition to the unique charac-

teristics of individual cancer tumours, there is wide diversity in cancer stages, subtypes,

and patient populations [264, 152, 3]. Modelling both the disease and human interactions

within a single system remains a significant challenge for oncology (the study and treat-

ment of cancer), as the patient ’state’ is continually evolving and there are various possible

pathways and outcomes that can occur under differing conditions. Despite the presence of

existing risk prediction models, clinical guidelines, and Optimal Care Pathways (OCPs),

it remains difficult to predict outcomes for cancer patients. Innovations are needed that
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can better understand and model cancer pathways to enable more effective and universal

approaches for oncology.

The digitisation of healthcare information has provided great opportunity for devel-

oping improved risk prediction models. The growth of longitudinal health data, which

typically can be found in Electronic Health Record (EHR) and administrative claims

(claims) data, has enabled the capture of long-term and repeated patient activity over

time [214]. Longitudinal health data is useful in modelling cancer pathways and making

cancer-related predictions as it reveals information about cancer treatment (e.g., surgery,

chemotherapy regimen), as well as patient outcomes (e.g., hospitalisation, death). How-

ever, despite longitudinal health data showing benefits for predicting cancer outcomes

[192], the temporal patterns within this data are under-exploited in oncology [147]. This

is partly because it is challenging to analyse longitudinal health data due to its high-

dimensional, heterogeneous, temporal, and irregular data characteristics [269, 154, 76,

210, 10, 147].

Artificial Intelligence (AI) and deep learning methods have shown great promise in

analysing complex data, such as image and natural language. AI, which can be defined as

the development of computer systems that simulate human intelligence, has been increas-

ingly applied in healthcare [17, 161]. AI consists of several sub-fields, including machine

learning, which refers to the study of algorithms that automatically learn through experi-

ence, and deep learning, which is classified by the use of large, layered neural networks

[17]. The main advantage of deep learning compared to traditional machine learning is

the development of meaningful data representations that can capture complex, non-linear

relationships in data [22]. This is advantageous for longitudinal health data, with early

deep learning models based on the Recurrent Neural Network (RNN) outperforming tra-

ditional machine learning approaches [128, 16, 251].

More recently, the Transformer model has evolved to be the next-generation neural

architecture for deep learning, establishing its effectiveness in text and computer vision

applications [52, 101]. Transformers have also been introduced into the healthcare and

medical domain, demonstrating potential to successfully capture complex relations within

large-scale health data via pretrained models BEHRT [119] and Med-BERT [188], and

2



improve patient-related prediction tasks [118, 142, 66, 262]. This emphasises the suitabil-

ity of transformers to extract patterns from longitudinal health data and the need to adopt

these models in the healthcare sector, particularly with the continual growth of health data,

computational resources, and advanced technologies such as Generative AI (GenAI).

However, the application of transformers to cancer in longitudinal health data is rel-

atively unexplored [243]. Moreover, the complexity of cancer pathways pose additional

challenges to transformers, including being multi-outcome, captured within various data

sources (e.g., EHR and claims data), and often suffering from data and label insuffi-

ciencies. Developing effective, flexible, and data-efficient approaches to overcome these

shortcomings is crucial for improving the modelling of cancer pathways and progress-

ing towards generative capability. Recent exploration of transformers with Multi-Task

Learning (MTL), longitudinal patient modelling, and transfer learning, have provided op-

portunities to better model patient care and predict health outcomes. However, there is

little investigation of these approaches with transformers in longitudinal health data for

cancer, and so transformers need to be adapted to the specific cancer data and context for

tailored solutions.

This research is therefore motivated by the opportunity to enhance cancer pathways

modelling in longitudinal health data with transformers, and demonstrate the adaptability

and effectiveness of these models for cancer. Developing more effective transformer mod-

els will not only provide opportunity to enhance cancer care and outcomes by supporting

clinical and healthcare policy decision making, but support the development and transi-

tion towards more comprehensive and generative approaches that are pivotal in realising

the benefits of AI in oncology.

1.2 Research Problems

This research focuses on the challenges of modelling complex cancer pathways in

longitudinal health data with transformers. Specifically, it is driven by three primary

Research Problems (RPs) as described below.
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RP1: How to extend transformers to model multiple related cancer outcomes in

longitudinal health data?

Cancer is a multi-outcome or multi-objective disease [6] due to multiple care phases

(as defined in the OCPs1) and numerous cancer treatment options. While cancer prognosis

and survival are key outcomes, cancer patients experience many healthcare events and

outcomes along the cancer pathway that are of clinical interest and important for patient

care [62, 92, 69, 75, 83, 172, 238, 84]. Some of these include risk of hospital readmission;

future disease; complications, adverse events or side effects; and cancer recurrence (when

cancer returns after treatment). Research has shown that there can be associations or

correlations between these outcomes (e.g., common diseases and hospitalisation, cancer

stage and recurrence) [27, 159, 53, 46, 93, 230]. However, many existing cancer-related

prediction models are built for single predictions (e.g., survival or readmission) [3, 58,

69, 83, 89, 220, 77], and so do not consider the potential relationships between outcomes.

This contrasts with real-world cancer care where clinicians must consider the risk of many

outcomes for a patient simultaneously.

Existing evidence in deep learning has demonstrated that MTL, which involves the

joint training of multiple tasks, can provide better predictions than single task approaches

and help address data heterogeneity [79, 121, 198]. However, implementation of MTL

with transformers is limited with longitudinal health data in the cancer context, and stud-

ies on EHR data have shown inconsistent results [139, 172]. This is despite wide use of

MTL for cancer studies that involve image data [141, 155, 32]. Further work is needed

with longitudinal health data to determine the potential benefit of MTL with transformers

and for cancer prediction problems. Models that can simultaneously predict outcomes

would also more closely reflect real cancer care. This research explores the simultaneous

prediction of future disease and hospital readmission for cancer patients using transform-

ers with EHR data.

1 https://www.cancervic.org.au/get-support/for-health-professionals/optimal-care-pathways
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RP2: How to effectively model longitudinal relations in claims data with transform-

ers for predicting cancer outcomes?

Cancer care occurs across diverse settings and is captured within various healthcare

data [44]. For example, in Australia, healthcare services and pharmaceutical use is cap-

tured within claims data, while cancer diagnosis and clinical features are contained within

cancer registries. Approaches for modelling cancer pathways therefore need to be flex-

ible and able to leverage these differing datasets. In addition, cancer care is inherently

long-term, temporal, and irregular. This is due to multiple phases of care and treatment

pathways, as well as variability in timing of healthcare interactions between patients

[271, 44, 147]. Models thus also need to be able to capture these long-range temporal

dependencies within cancer pathways in claims data.

Existing application of transformers to longitudinal health data has demonstrated promise

in developing effective longitudinal patient representations via inclusion of additional pa-

tient features, and use of temporal and hierarchical modelling [66, 118, 83, 142, 211].

However, there are a number of current limitations, including lack of consensus on how

best to encode and represent longitudinal health data for patient predictions; a focus pri-

marily on EHR data, leaving claims data understudied; and limited cancer applications. In

particular, there are no studies that have looked at Australian claims data, which contains

extensive information related to cancer care but has a differing temporal structure to EHR.

Further work is needed for modelling cancer pathways in claims data with transformers.

This research studies the problem of modelling longitudinal claims data for cancer pa-

tients initiating chemotherapy treatment, using a hierarchical transformer to model both

dynamic and static (demographic, cancer clinical features) patient information.

RP3: How to improve model performance in cancer prediction settings with limited

data or labels?

Cancer studies often suffer from limited data or labels. It is costly and laborious to

collect medical data [257]. It is also typically challenging to access healthcare datasets

due to privacy and access concerns [212], leading to difficulties in obtaining large and

diverse data for cancer prediction problems [181, 182, 269, 271, 202]. Moreover, many
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cancer studies are derived from sub-populations, due to a focus on specific cancer types, or

use of single-institution data [23], also resulting in small data size. In addition to limited

data, labels can be limited as they often require specialised clinical (and oncological)

expertise [245, 44, 271]. Furthermore, some elements that are related to, or impact cancer

care are not comprehensive or routinely captured in longitudinal health data unless linked

with other data sources (e.g., chronic conditions, cancer stage, cancer recurrence) [99].

Models for cancer must therefore be data-efficient and generalisable to operate effectively

in limited data or label scenarios.

Transfer learning has been identified as an effective technique to improve predictions

where datasets are of limited size or labels [52]. By developing pretrained transformer

models, generalised relationships in large unlabelled healthcare data can be leveraged

to help fine-tune predictions in scenarios where data is small but labels are available.

Pretraining has demonstrated improvements in the prediction of patient outcomes [119,

118]. However, there is wide variability in pretraining approaches and evaluations, and

limited exploration of claims data [142, 188]. There is opportunity to improve predictions

for cancer patients and provide more generalisable models through further exploration

of pretraining strategies and transfer learning. This research explores the challenge of

predicting chronic conditions for cancer patients in low resource scenarios by developing

pretrained transformers for claims data.

1.3 Research Aim and Objectives

Based on the aforementioned research problems, the aim of this work is to effectively

model complex cancer pathways in longitudinal health data with transformers. This relies

on developing more effective, flexible, and data-efficient transformer-based approaches,

leveraging various data and machine learning training techniques. There are three main

objectives, with each targeted at addressing a different research problem:

• Objective 1 (to RP1): To integrate MTL with transformers and evaluate this method-

ology on EHR data for multi-outcome cancer predictions. The Transformer will

leverage temporal relationships within cancer pathways and advance existing single-

task approaches by enabling joint modelling of multiple outcomes for cancer pa-
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tients.

• Objective 2 (to RP2): To extend transformers to claims data, develop a model tai-

lored to the characteristics of the data, and evaluate the impact of additional patient

demographics and cancer features on predictions. This will provide a customised

approach for modelling longitudinal claims data to address its differing temporal

structure (to EHR). Extending transformers to claims data will enhance their flex-

ibility for cancer pathways modelling by expanding their use to additional data

sources, as well as through use of both dynamic and static patient information.

• Objective 3 (to RP3): To develop a generalised pretrained transformer model that

leverages relations between claims items in large-scale patient histories, and evalu-

ate the model on various pretraining strategies, downstream tasks, fine-tuning data

sizes, and model convergence. This will assist in providing more data-efficient and

generalised models and help address the data and label insufficiency problem when

predicting chronic conditions for cancer patients.

1.4 Research Significance

The development of more effective and comprehensive approaches for cancer path-

ways modelling and risk prediction is essential to face modern day cancer, data, and

technological challenges. Cancer continues to be a global health priority with wide im-

pacts on individuals and healthcare systems. Despite increased survival and availability

of contemporary cancer treatments in Australia, cancer still accounts for an estimated one

third of deaths (in 2024), and between 2000 and 2024, cancer cases in the country have

increased about 93% [15]. While this is generally attributed to the growing and ageing

population, this cannot fully explain the observed increase, and more recent evidence has

suggested cancer incidence rates are on the rise for younger populations [15]. Overall,

these trends are resulting in more individuals being diagnosed with, treated for, and dying

of cancer, or living with cancer for longer periods of time. This represents a crucial need

for more innovative solutions for cancer. This research explores the opportunities for such

strategies by adapting the Transformer to model cancer pathways in longitudinal health

data.
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In addition to the increasing cancer burden, the size and complex nature of cancer

data presents issues for traditional modelling approaches [154, 268]. These models of-

ten fail to consider temporal nuances in data and reliance on manual feature engineering

can limit scalability, robustness, and performance [47, 268]. In order to enhance cancer

pathways modelling at scale, it is necessary to adopt methods that can handle and learn

from this complex information. The Transformer is well-placed for this task, however,

being originally developed for natural language, it needs to be adapted to the cancer data

and context. This research addresses this need by developing transformers that are tai-

lored to the specific characteristics of longitudinal health data, overcoming limitations of

traditional statistical and machine learning methods, and existing transformers.

As the volume and complexity of healthcare data has grown, this has also driven

demand for more sophisticated methods that can effectively analyse this information to

provide actionable insights [241]. The patterns within complex cancer pathways are not

easily interpretable by clinicians to support care decisions, nor by government to inform

the evidence-base [7]. Methods and tools are required that can extract meaningful trends

from this data and provide it to decision makers for consideration. This is particularly

important for the Australian Government, who holds large amounts of Australian claims

data and have invested into linked data assets and enduring linkages. In this research,

methods to support effective analysis of large longitudinal health data are investigated

and the benefit of these approaches in predicting patient outcomes are explored. By util-

ising real-world longitudinal health data and focusing on key cancer outcomes related to

survival, hospitalisation, and disease risk, this facilitates the use of these models in prac-

tice to support evidence-based, data-driven decision making, enhancing opportunity to

benefit real-life cancer care and outcomes.

Finally, for cancer and the broader healthcare system, there is ongoing pressure to in-

crease health services and improve care within constrained budgets [7]. AI has potential

to help optimise the healthcare system and deliver more efficient healthcare [134, 193].

Research indicates that foundation and generative models can extract generalised patterns,

correlations, and anomalies from extensive amounts of healthcare information [193, 178,

133]. These models can leverage this knowledge via efficient re-use of existing data to
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benefit patient predictions, that can in turn help to optimise patient treatment, care, and

outcomes [193, 243, 153]. This is important as oncology is increasingly moving towards

value-based care [8, 144]. This research supports these challenges by developing gener-

alisable and data-efficient transformers that can leverage relations in large-scale claims

data via pretrained models. This is significant to informing the development of founda-

tion models and GenAI for the Australian healthcare system, where these solutions can

support the progression from discriminative models towards generative systems to better

understand and interrogate cancer pathways in longitudinal health data to improve cancer

care.

Ultimately, the core significance of this research lies in its interdisciplinary nature,

with the unique combination of transformers, longitudinal health data (particularly claims

data), and cancer. This research therefore bridges the gap between advanced deep learn-

ing architectures and real-world cancer data and prediction problems, with potential to

influence AI-based cancer models, clinician and government practice, and public health

initiatives, to ultimately improve cancer care. As cancer continues to have a significant in-

dividual and health system burden, efficient and scalable solutions that can move beyond

pure predictability to generalised data understanding can offer opportunity to unlock the

full potential of AI for oncology.

1.5 Research Contributions

This work proposes several transformer-based approaches for enhancing cancer path-

ways modelling in longitudinal health data. The contributions are summarised below and

their connection to the primary purpose and objectives of this research are illustrated in

Fig 1.1.

• Contribution 1: We initially explore MTL with transformers and propose the

TransMT model to jointly predict two related outcomes for hospitalised patients

with cancer: future diagnosis and 30-day hospital readmission. We leverage the

transformer encoder to capture the inherent diagnosis and sequential visit depen-

dencies, and apply MTL to simultaneously learn common low-level representations

and task specific knowledge. We implement experiments on publicly available EHR
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data, and compare performance of TransMT against two common RNN baselines

and a single-task transformer. Results show the superiority of the TransMT model,

demonstrating for the first time the potential of a multi-task transformer to enhance

prediction of related cancer outcomes in EHR data.

• Contribution 2: We then adapt the Transformer to claims data, and propose the

Claims-MLT model. The approach uses a hierarchical (multi-level) transformer

encoder to learn effective longitudinal patient representations by considering the

low-level claims item relationships (within a month) and sequential patterns in

patient claims histories (between months). We evaluate the approach on a real-

world cancer dataset from Australia containing individuals diagnosed with breast

and/or colorectal cancer, and make the following predictions for patients initiating

chemotherapy treatment: one-year survival and heart disease diagnosis. We com-

pare the approach to a single-level transformer, as well as shallow machine learning

methods, and show Claims-MLT outperforms baselines for both predictive tasks

and cancer types. This is the first approach to combine transformer-based dynamic

hierarchical claims modelling with static patient demographic and clinical features

to predict cancer outcomes.

• Contribution 3: We further leverage claims item relations in the Claimsformer, a

pretrained transformer model tailored to claims data. This two-stage transfer learn-

ing approach firstly captures generalised patterns from Australian medical services

and prescriptions, and then applies this knowledge to predict chronic conditions for

cancer and mental health cohorts. We provide a comprehensive investigation into

pretraining on claims data by exploring various pretraining strategies to identify

the optimal approach for the Claimsformer. We then compare the Claimsformer

to a naive transformer (no pretraining) and shallow machine learning methods,

and show it can offer improved chronic condition predictions, earlier model con-

vergence, and effectiveness in low-resource settings. This is the first exploration

of pretrained transformers on Australian claims data, validating the feasibility and

usefulness of pretraining with this data source.

Together, this research establishes the foundation for a longitudinal health transformer
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ObjectiveResearch Question/Aim Contribution

How to effectively model 
complex cancer pathways 
with Transformer-based 

approaches?

Propose pretrained 
Transformer for claims data

Propose multi-task 
Transformer

Propose multi-level 
Transformer for claims data

Model related cancer 
outcomes

Model relations in claims 
data

Model with limited 
data/labels

Figure 1.1 : Relationship between research aim, objectives and contributions.

for cancer pathways modelling. Novel transformer-based approaches are developed that

are specifically designed for longitudinal health data in the cancer context that are more

effective, flexible, and data-efficient. While each of the contributions relates to a distinct

cancer objective, they collectively address the core challenge of this research to effectively

model complex cancer pathways with transformers (see Fig 1.1). This work informs a

comprehensive cancer pathways modelling framework, contributing to the development

of more scalable and unified approaches, and edging us closer to more advanced AI tools

and generative technologies for better cancer care and outcomes.

1.6 Thesis Outline and Structure

The remaining chapters of this thesis are summarised as follows:

• Chapter 2: presents a review of the literature related to this research. It focuses

on studies related to MTL, longitudinal patient modelling, and transfer learning

with transformers and longitudinal health data, with inclusion of available cancer

studies.

• Chapter 3: presents the proposed multi-task transformer to enhance multi-outcome

prediction for cancer patients with EHR data.
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• Chapter 4: details the implementation of the transformer to claims data, to de-

velop more effective and tailored longitudinal patient representations for modelling

cancer pathways and predicting cancer-related outcomes.

• Chapter 5: considers the data and label insufficiency problem and presents a pre-

trained model for claims data that leverages generalised claims relations to improve

chronic condition predictions for those with cancer.

• Chapter 6: summarises the contributions of this research, discusses the implica-

tions, outlines the research limitations, and presents avenues for future studies. It

also provides a brief overview of challenges and opportunities when considering the

real-world implementation of deep learning models in healthcare, before providing

the concluding remarks.

A visual representation of the thesis structure, including relationships between chap-

ters and longitudinal health data used, is depicted in Fig 1.2. As shown in the figure,

Chapter 3 focuses on application to EHR data, with Chapters 4 and 5 utilising claims

data. While Chapters 3 - 5 each focus on distinct cancer pathways challenges, and make

differing cancer predictions, these components are linked and progressively build upon

one another. Implementation of the transformer on EHR data in Chapter 3 is leveraged in

Chapter 4, where the model is adapted to the specific characteristics of claims data. The

modelling of claims item relations in Chapter 4 is then further developed in Chapter 5,

where the transformer is extended to enable pretraining to provide a generalised model.

Collectively, this provides integrated strategies to enhance existing cancer pathways mod-

elling with transformers in longitudinal health data.
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Figure 1.2 : Thesis structure and chapter relations.
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Chapter 2

Literature Review

This chapter provides a review of the existing literature, focusing on the core method-

ological themes of MTL, longitudinal patient modelling, and transfer learning. The use

of these methods with deep learning (primarily the Transformer) is explored on longitu-

dinal health data, including applications to cancer. The chapter discusses developments

in the field, patterns that have emerged, and existing gaps or inconsistencies that have

informed the approaches used in this research.

2.1 Context and Overview

The last few years have seen much growth in the application of AI to the cancer field.

A simple Google Scholar search of ‘AI for cancer’ reveals over a million results since

20201, highlighting the focus on applying AI to oncology in recent years. While there

are numerous publications dedicated to the discussion of AI for cancer, much research to

date has focused on cancer diagnosis and prognosis through use of image and omics data

[207, 171, 229, 67, 122, 231, 257, 269]. As a consequence, this has left the analysis of

longitudinal health data for cancer less mature, with a recent review suggesting that further

research is needed on AI approaches that fully exploit the information in longitudinal

health data for cancer [147].

Much of the research investigating transformers on longitudinal health data has ex-

plored health conditions other than cancer (e.g., heart disease and kidney disease are

commonly used) or used more generic healthcare tasks (e.g., future disease, mortality,

readmission). Additionally, as earlier noted, much of the existing literature has focused

on EHR data, with claims data receiving less attention. A review exploring Foundation

1 As at 18 August 2025.
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models for Electronic Medical Records (FEMRs)2 found that of the 34 FEMR models

included in the review, only four used claims data, and only two had cancer-related pre-

dictions [243]. While this paper does not capture all the models or studies related to this

research, it demonstrates a general trend towards use of EHR data, and less exploration

of claims data and cancer prediction problems. Therefore, much of the literature related

to this research is the use of transformers with EHR data.

The challenging characteristics of longitudinal health data [31] has inspired numerous

deep learning studies to try and better model this healthcare information for predicting

patient outcomes. Three areas which have demonstrated benefits to health-related pre-

dictions include: 1) the use of MTL to simultaneously predict multiple outcomes; 2) the

integration of additional patient features and use of time-aware or hierarchical approaches

to better model longitudinal patient pathways; and 3) the use of transfer learning and pre-

trained models to share generalised knowledge to enhance downstream prediction tasks.

This review focuses on these methodological approaches as opportunities to improve can-

cer pathways modelling and the prediction of cancer-related outcomes. While many stud-

ies related to applications of transformers on EHR data, applications to claims data and

cancer are included where available.

In Section 2.2, transformers and longitudinal health data are introduced. The benefits

of transformers for this data, as well as early transformer models, are described. In Section

2.3, the literature related to MTL for longitudinal health data is summarised. This focuses

on use of the transformer but includes mention of other deep learning methods where

appropriate. In Section 2.4, the use of transformers for longitudinal patient modelling is

discussed. Common trends are summarised including enhancing transformers using addi-

tional patient features (such as demographics), and temporal and hierarchical modelling

in EHR and claims data, and for cancer. In Section 2.5, an overview of the related work on

transfer learning and pretrained models using transformers is provided. Existing models

for EHR data, claims data, and for cancer-related fine-tuning are described. Finally, the

chapter concludes with a review of the key research gaps and an indication of how this

research addresses the noted limitations.

2 EMRs are synonymous to EHRs.
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2.2 Transformers for Longitudinal Health Data

This section aims to provide an overview of the Transformer and longitudinal health

data, and discuss the benefits of the transformer for this data. It also provides a summary

of the early transformer models for EHR data, as these served as the inspiration for much

of the subsequent research.

2.2.1 Overview of Transformers and Longitudinal Health Data

Transformers

The Transformer, developed by Vaswani and colleagues [232], is based on the neural

network and has become the state-of-the-art model for deep learning. As shown in Fig 2.1,

the Transformer is made up of two components, the encoder and the decoder, which use

self-attention and fully connected layers. The purpose of the encoder is to extract features

from sequence inputs and produce encoded representations, which are then leveraged by

the decoder [214, 148, 156]. Transformers are created through stacking encoders and/or

decoder blocks, and hence can be used in various ways, including encoder-only, decoder-

only, and encoder-decoder models [214].

The layers within the encoder and decoder of the Transformer enables multiple layers

of abstraction which helps improve the data representation [148]. However, the key to

the Transformer is the attention mechanism. Self-attention is used to assign a weight

to each element in a sequence, allowing the Transformer to consider the relevance of

each input at the same time [148]. This enables the Transformer to attend to the most

important information in the sequence, capturing complex and long-term relationships by

processing entire sequences in parallel [210, 214, 132]. A more detailed description of

the Transformer components is provided in Chapter 3. Readers are also referred to the

original paper on the Transformer [232] for more detail on its architecture.

Two of the most successful transformers include the Bidirectional Encoder Repre-

sentations from Transformers (BERT) and the Generative Pretrained Transformer (GPT).

BERT is a well-known transformer adaptation that has achieved state-of-the-art perfor-

mance on numerous natural language tasks [210]. It uses the encoder-only component to

generate contextual representations of inputs in a sequence. Broadly speaking, encoder-

16



Figure 2.1 : The Transformer architecture, copied from Vaswani et al. [232].

only models like BERT are primarily used for language understanding including classifi-

cation and question-answering tasks, and are thus termed discriminative models. In con-

trast to BERT, GPT is a decoder-only transformer that is used to generate the next word in

the sequence and has been widely popularised via OpenAI’s ChatGPT3 tool [210]. GPT

is primarily used for generative tasks, like the generation of text, and thus is referred to

as a generative model [132]. More details on these models can be found in the original

BERT [52] and GPT [179] papers.

Both BERT and GPT are considered to be foundation models [24]. Foundation mod-

els can be defined as large-scale models trained on vast amounts of information that can

then be used for numerous tasks [156]. The success of foundation models is primar-

ily due to the benefit of the two-step training paradigm, where the model (generally

the Transformer) is firstly pretrained in a self-supervised fashion to develop a general-

purpose model [156, 132]. In the second step, the model is fine-tuned using alternative

data sources for numerous downstream tasks. Models that use the BERT architecture are

3 https://chatgpt.com
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typically pretrained via an approach called Masked Language Modelling (MLM), which

refers to masking elements of a sequence and pretraining the model to predict the masked

items. As indicated in the name, BERT operates in a bidirectional fashion during pretrain-

ing [156]. GPT-based models are pretrained using next item prediction, which refers to

prediction of the next element in the sequence [156]. Here the model only has access to

the previous elements in the sequence (hence pretraining is unidirectional) and predictions

are made one element at a time in an auto-regressive fashion. Compared to traditional

machine learning models, foundation models (such as BERT and GPT) typically offer

better predictive performance, require less labelled data (if using pretraining/fine-tuning

paradigm), and can handle multi-type inputs [243].

Large Language Models (LLMs) are a subset of foundation models trained largely on

natural language to solve related tasks, and typically use the transformer architecture as

the backbone [156, 132]. While BERT and GPT can both be classified as LLMs, LLMs

are typically referred to as being a type of GenAI [37], which would fit the profile of GPT

but not BERT (which is a discriminative model). GenAI is a type of machine learning that

generates new data from the original data. It can synthesise large amounts of data to learn

underlying data distributions and model the joint probability of many potential options or

outcomes [193]. This enables generative models to create synthetic data, simulate sce-

narios, or test hypotheses under different conditions, in addition to performing traditional

predictive tasks [193]. Literature suggests GenAI is revolutionising healthcare [153, 133],

indicating the benefits of the Transformer architecture and large-scale pretrained models

for learning relationships in healthcare data.

Longitudinal Health Data

Longitudinal health data can be defined as repeated health data collected over a pa-

tient’s pathway or history [271]. Longitudinal health data is frequently captured in two

key health data sources: EHR data, sometimes also called electronic medical records, and

claims data. EHRs are typically found in hospitals or primary care centres and are a digi-

tal record for patient data generated during routine healthcare [226, 10]. The information

within EHRs can be divided into structured (diagnoses, medications, procedures, demo-

graphics), and unstructured (clinical notes) data [226, 10]. This research is focused on
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structured longitudinal health data, and hence any reference to longitudinal health data

from this point refers to the structured aspect of the data unless otherwise indicated.

Compared to EHR which is often limited to a specific site or number of sites, claims

data typically captures activity across various health infrastructures, and thus offers po-

tential for larger and more diverse populations [243, 36]. This is because they are usually

owned by governments or insurance companies, leading to different types of claims data,

including administrative claims and insurance claims, respectively. This research utilises

administrative claims data, specifically Australian Government administrative claims data,

collected when persons access subsidised services in the Australian healthcare system

[25]. The two main health-related claims data include the Medicare Benefits Sched-

ule (MBS)4 and the Pharmaceutical Benefits Scheme (PBS)5. The MBS captures use of

healthcare services such as doctor and specialist appointments, pathology tests, and imag-

ing, while the PBS captures use of subsidised medicines. Hospital data6, which contains

diagnosis codes and procedures, as well as cancer registry data7, which records cancer-

specific information like diagnosis and clinical features, are also considered longitudinal

health information in this research as they capture patient information over time.

There are many advantages of longitudinal health data for pathways analysis and pre-

dictive modelling. A key benefit is the ability to capture and analyse temporal relation-

ships, as this is not possible in cross-sectional analysis (collected at a single point in time)

[271]. This feature is critical in healthcare, due to many conditions like cancer being long-

term or chronic. Because of the historical information included, longitudinal health data

are also useful in providing initial disease symptoms or early indications [226]. The lon-

gitudinal nature also allows for forecasting disease risks, capturing treatment, and mon-

itoring patient pathways over time [154, 226]. In addition, longitudinal health data can

offer opportunity to access large and diverse real-world populations across different parts

of healthcare [260, 106]. It also provides a cheaper and more practical way to analyse

patient pathways that reflect actual clinical care [31, 154, 215, 147].

4 https://www.mbsonline.gov.au/
5 https://www.pbs.gov.au/pbs/home
6 https://www.health.vic.gov.au/data-reporting/victorian-admitted-episodes-dataset
7 https://www.cancervic.org.au/research/vcr
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For cancer, longitudinal health data can provide a more comprehensive capture of can-

cer treatment and symptoms [19]. This can include complications or adverse events, can-

cer treatment, cancer spread or metastasis, and cancer recurrence [271]. This extends into

the understanding of cancer pathways and outcomes, effectiveness of cancer treatments,

and how policy changes impact oncology outcomes and care [215]. Therefore, predic-

tion models for cancer often will leverage longitudinal health data, due to the detailed

information contained within these data sources [147, 97]. There are several examples of

the Australian MBS and PBS data being used to explore risk factors for cancer, as well

as variability in medicines and costs of cancer care [196, 115, 110, 252], indicating its

suitability for capturing elements within cancer pathways.

While longitudinal health data does provide information on patient pathways, the char-

acteristics of the data pose many challenges for predictive models. These challenges

are also nearly always exacerbated within oncology. Longitudinal health data is high-

dimensional [269]. There are thousands of medical codes reflecting diseases, medications

and healthcare services, leading to many dimensions. This is apparent in oncology where

growing data, treatment options, and advances in computation infrastructure have resulted

in high-dimensional patient data [99]. In addition, as a patient progresses through the

cancer care pathway, their data grows as new information is generated [99]. Moreover,

longitudinal health data is highly heterogeneous, containing many types of information

and diverse patient pathways and outcomes [147]. For cancer, outcomes include the state

of the patient, determining whether a tumour is cancerous or not, cancer stage, treatment-

related outcomes, and survival [6]. Different cancer tumour streams can be treated in

different ways, each with distinct and complex care pathways, and there can be high vari-

ability between populations [257].

Furthermore, longitudinal health data is temporal and irregular. Healthcare informa-

tion is delivered over time and there may be correlations between consecutive or repeated

inputs [147]. Cancer care is inherently long-term and includes diagnostic, treatment, and

follow-up or end of life care phases [44]. This contributes to it being a longitudinal dis-

ease than can span for years. Across patient pathways, diagnoses and treatments can occur

irregularly, contributing to differences in timing of healthcare interations and wide varia-
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tion between patients [76]. For cancer, individuals may receive differing cancer screening

or follow up monitoring due to different risks for cancer or recurrence, contributing to the

irregularity issue [271]. In order to address the above aspects of modelling cancer path-

ways in longitudinal health data, advanced deep learning methods such as transformers

are needed [76, 154].

2.2.2 Benefits of Transformers for Longitudinal Health Data

Although originally developed for Natural Language Processing (NLP), the Trans-

former can be adapted to model longitudinal health data by considering sequences of

healthcare information as a language problem [236]. For example, a patient pathway can

be thought of as a sequence of healthcare events, where diagnosis codes can be treated

as words, short-term relations such as a visit can be treated as a sentence, and a patient’s

history treated as a document [214]. Therefore, instead of transformers being used to

learn relationships between words in a sentence within a document, they can be used to

learn relationships between medical codes (such as diagnoses) in a visit within a patient’s

history [76]. Modelling the data in this way offers great opportunity to learn intricate

relations in patient pathways.

The literature identifies many advantages in using deep learning methods including

transformers with longitudinal health data. First is the ability to model the intricate,

non-linear healthcare relationships. Statistical methods such as logistic regression have

largely been the preferred approach for modelling longitudinal health data [271]. How-

ever, regression models lack consideration for the rich and complex relations in longi-

tudinal health data [236]. In addition to this is the capture of temporal and sequential

relationships within longitudinal health data with transformers [226], which is often not

possible using traditional statistical or machine learning approaches [47]. Furthermore,

research has indicated that for health data, repeated measures for an individual are often

interrelated, and not considering these relationships could result in bias [31]. This fur-

ther contributes to the advantages of transformers compared to statistical or traditional

machine learning models [76].

Another benefit of transformers is the ability to process and analyse large data vol-

umes, allowing models to learn trends and patterns that may not be apparent to clinicians,
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enabling enhanced predictive capability [171, 268, 193]. While traditional statistical and

machine learning methods may perform well when investigating associations between a

small number of features, it is often beneficial to consider more complex relationships

through deep learning when the feature space is large [31]. Therefore, being able to pro-

cess large amounts of data means that transformers can be trained on the entire length

of a patient’s pathway to produce comprehensive but low-dimensional patient representa-

tions to improve predictions [243]. Additionally, deep learning methods require minimal

feature engineering and can learn directly from the data to operate as end-to-end-systems

[154, 76]. They also have the benefit of being able to accept and consider multimodal

data in predictions, for example, through combination of medical history data with imag-

ing and/or omics data [268, 269].

The Transformer also has advantages over recurrent networks, which are typically bi-

ased towards the most recent inputs and not as computationally efficient as transformers in

handling sequences [236]. RNNs struggle to retain context when sequences become long

because all information in the sequence must be processed before generating results, and

hence suffer from the ’vanishing gradient’ problem, where inputs are essentially ’forgot-

ten’ [214]. The Transformer avoids the vanishing gradient problem by using the attention

mechanism to focus on the most important information in the sequence [214]. The archi-

tecture of the Transformer, containing multi-layer multi-head self-attention mechanism,

allows parallel processing, enabling the learning of complex, longer-range dependencies

[236]. Its structure is also more flexible in learning relations between elements of a se-

quence through use of positional encoding [236]. This makes the Transformer highly

successful in efficiently modelling large, complex, longitudinal health data.

Finally, it has been suggested that the greatest benefit of transformers is the potential

to continually improve over time [125]. This is supported by the earlier mentioned model

pretraining, which can enhance model flexibility and generalisation [171]. This learning

paradigm equips pretrained models (e.g., foundation models and GenAI systems) with a

knowledge-rich starting point, enabling more accurate predictions across populations and

time [74]. These models can also be repeatedly updated and fine-tuned to reflect new data

and knowledge [258], enhancing opportunity for more real-time and rapid responses. This
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is important for population health surveillance and point-in-time care decision making

[227]. Moreover, pretrained models can provide multi-purpose use, reducing the need for

extensive labelled data or training an independent model from scratch for every type of

task (e.g., prediction, clustering), also enabling more rapid insights [227]. These benefits

contribute to the Transformer being an ideal model to provide scalable solutions with

longitudinal health data in oncology and healthcare.

2.2.3 Early Transformer Models for Longitudinal Health Data

The success of transformers in NLP naturally led to interest in application of these

models on EHR data. Given these similarities between text and EHR, early approaches

opted to leverage the BERT [52] training strategy. The work of Li et al. [119] and

Rasmy et al. [188] pioneered the application of transformers to EHR, with the BERT for

EHR (BEHRT) and Med-BERT models becoming seminal works in the field. Both these

studies attempted to develop general-purpose EHR representations that could improve the

prediction of diseases by leveraging a pretraining and fine-tuning framework. As earlier

mentioned, this framework operates by the two-step training method, whereby pretraining

occurs via self-supervised learning to create generalised embeddings, and these are then

utilised in fine-tuning for specific tasks. Model pretraining and transfer learning is further

discussed in Section 2.5.

The first of these works, BEHRT, was published in 2020. Using a population of nearly

1.6 million individuals from the United Kingdom, BEHRT was developed as a large-scale

transformer to improve patient prediction tasks. To better suit EHR data, the original

BERT [52] architecture was modified to include patient age information and introduce a

segment embedding. The segment embedding was designed to distinguish between pa-

tient hospital visits, as discrete medical codes typically do not have individual positions

within a visit (unlike words in a sentence). The study used the age information with diag-

nosis codes to develop a general-purpose representation using the Transformer, leveraging

the original MLM task from BERT. The model was then evaluated on disease prediction

tasks in the next visit, next six months, and next twelve months. For each of these pre-

diction tasks, BEHRT obtained better AUC and average precision score metrics than two

other popular non-transformer deep learning models at the time (Deepr [157] and RE-
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TAIN [41]). This work provided initial evidence on the benefit of large-scale transformers

for EHR and patient predictions, and argued that BEHRT provided more efficient training

compared to a recurrent network.

Within a year of BEHRT, Rasmy et al. [188] published their transformer model for

EHR called Med-BERT. This model was similar to BEHRT in that it aimed to produce

generalised embeddings for patient predictions. However, it leveraged a population of

28.5 million individuals for pretraining, giving a much larger cohort and vocabulary. It

also differed from BEHRT in that the model utilised a secondary domain-specific task for

pretraining (besides MLM, which is referred to as the prediction of Prolonged Length of

Stay (PLOS) (greater than 7 days) in a patient’s history. Med-BERT was evaluated by

predicting two diseases, one of which is a cancer task: prediction of heart failure among

diabetes patients and onset of pancreatic cancer. The cancer prediction task was evaluated

on both an internal and external dataset (of which the external dataset was claims data),

indicating how Med-BERT could facilitate predictions in other data and in the cancer con-

text. Experiments demonstrated that Med-BERT did provide improvements to prediction

accuracy in terms of AUC scores for the two prediction tasks, validating the benefit of the

modelling approach.

Albeit early models, both BEHRT and Med-BERT had a number of limitations. First,

Med-BERT was trained on two disease classifications, using both International Classifi-

cation of Diseases (ICD), Ninth Revision (ICD-9) and Tenth Revision (ICD-10) diagnosis

codes, rather than mapping all codes to a single classification. This may have increased the

vocabulary and learning complexity unnecessarily. In addition, it may have also affected

the capture of historical diseases and patterns, thus impacting the learning of longitudi-

nal pathways. BEHRT, on the other hand, does map all codes to a single classification.

However, the authors map to Caliber8 codes, which results in only 301 diagnosis codes

for modelling [108, 50]. While mapping to Caliber may be appropriate for small datasets,

it is likely suboptimal for training large transformer models due to loss of information.

Both Med-BERT and BEHRT also considered limited features for training (primarily di-

agnoses), negating other aspects of the EHR.

8 https://www.hdruk.ac.uk/case-studies/caliber/
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Second, Med-BERT defines an ordering or position of diagnosis codes within a visit,

which is not used for BEHRT. The ordering of diagnosis codes is non-standard in EHR

data, as this information is usually not available. The authors also suggest in the paper that

the code ordering may not be reliable [188]. While the Med-BERT study does not explore

the impact of diagnosis code ordering, later work examining this suggests ordering does

not impact model performance [199]. Third, the fine-tuning prediction tasks used for

BEHRT are essentially equivalent (all predicting diagnoses) but for different timeframes

and have been criticised for being too simplistic [188]. Med-BERT is designed to predict

conditions, rather than diagnosis codes, and this is suggested to be superior to BEHRT as

condition prediction is a more complex task, requiring understanding of disease trends or

patterns, supporting the generalisability of the model [188].

Finally, the approach for the fine-tuning of Med-BERT and associated results make it

difficult to draw concrete conclusions on the overall benefit of the Transformer architec-

ture. For example, the authors implement Med-BERT on top of existing RNN models,

finding that Bidirectional Gated Recurrent Unit (GRU) + Med-BERT outperforms Med-

BERT alone. In addition, Med-BERT only appears to add value when the number of

fine-tuning samples are 1000 or more, with logistic regression being the superior model

with smaller sample sizes. This raises questions as to the optimal transformer-based ar-

chitecture and data sizes for patient modelling.

2.2.4 Summary

In summary, the Transformer is well-suited to model complex cancer pathways in

longitudinal health data and develop predictive models. The benefits of the Transformer

have been demonstrated in early models such as BEHRT and Med-BERT, which provide

initial evidence on the opportunity to model large-scale longitudinal health information

for improved health-related prediction tasks. However, these early studies also highlight

that adaption of BERT-based models to EHR is non-trivial, prompting further research to

improve these models for longitudinal health data.
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2.3 Multi-task Learning with Longitudinal Health Data

One approach that has been explored to enhance patient representations and predic-

tions in longitudinal health data is use of MTL. The purpose of this section is to provide

an overview of MTL and summarise its use with longitudinal health data and for cancer-

related predictions.

2.3.1 Brief Description of Multi-task Learning

MTL is a machine learning technique that aims to improve predictions through the

joint training of multiple related prediction tasks. The main avenue by which MTL offers

improvements to predictions is through shared data representations, where information

from one task can be shared to a second task to facilitate predictions [198]. MTL is a

special type of multi-output learning, which focuses on predicting multiple outputs given

an input [250]. While multi-output learning often uses the same training data and features

for predictions, MTL can be trained using either the same, or different, data and features

[250].

In comparison to Single-Task Learning (STL), MTL has several advantages for im-

proving prediction models. It helps reduce model overfitting, leading to more generalis-

able models, and increases the size of the training data, which helps in instances where

datasets are small [198]. Moreover, MTL can provide more relevant features in highly

heterogeneous data by identifying useful features across tasks, helping to address data

sparsity [198]. All these features can provide more robust models and lead to improve-

ments in predictive tasks [267]. Further detail on MTL can be found in a number of

summary papers [198, 267, 266, 48, 259].

In addition to the data representation and modelling benefits, MTL better resembles

the real-world decision-making process for patients in healthcare systems [79]. Clinicians

use a range of information to help inform care decisions, and often need to consider

a patient’s risk of several outcomes, such as survival, side-effects, quality of life, and

treatment outcomes [150, 73]. This is of particular relevance to cancer patients; due to

the long-term and complex treatment patterns they can experience. Finally, there is also

evidence to suggest that there are relationships between patient outcomes, such as hospital
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readmission and diagnosis [27], and hence modelling these tasks together with MTL may

provide more accurate predictions.

2.3.2 Multi-Task Learning with Longitudinal Health Data

The use of MTL with deep learning algorithms has been growing for EHR data, with

early approaches focused on RNN models. For example, in 2019, Harutyunyan et al. [79]

conducted a detailed study on MTL with Long Short-Term Memory (LSTM) networks

to simultaneously predict four hospitalisation outcomes in the Medical Information Mart

for Intensive Care (MIMIC)-III data: in-hospital mortality, patient deterioration, length

of stay and phenotype classification. The study found that MTL improved prediction

performance of all four tasks compared to single task predictions. MTL has also been

successfully used for improving mortality [213, 121, 224, 158] and diagnosis prediction

[191, 40, 239]. While these studies indicate the potential of MTL with EHR data, they

were all based on RNN architectures, not transformers.

McDermott et al. [139] did provide a comparison on the performance of RNNs with

transformers in a MTL framework. This paper reported that the RNN based on GRUs

provided the best model, outperforming the Transformer. It also found that multi-task

prediction of health outcomes decreased model performance, questioning the benefit of

MTL compared with STL. The authors, however, made a number of methodology de-

cisions that make it difficult to interpret the study findings. These include providing a

reduced number of samples to the Transformer, not using positional encoding, and the

use of many tasks for MTL, without confirming if there were relationships between them.

These aspects may have implications on the Transformer and multi-task prediction per-

formance.

Other studies have also explored MTL with transformer models for predicting patient

outcomes. Shickel et al. [211] used used data from the Intensive Care Unit (ICU) in

the University of Florida Health to develop a flexible transformer model to predict seven

clinical outcomes: two relating to hospital readmission, and five relating to mortality at

different intervals. They expand BERT’s classification (CLS) token to enable the multi-

task prediction of patient outcomes and compare the method to GRU models. The results

demonstrated the Transformer model was superior to the GRU models based on AUC
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scores. In a similar study, Ma et al. [129] used a multi-task fine-tuning strategy with

a transformer to predict nine post-operative complications from EHR data. For both of

these studies, however, MTL was used as the sole prediction approach, with neither study

evaluating the difference between multi-task and single task learning.

Hur et al. [88] proposed GenHPR, which leveraged a multi-task multi-source frame-

work for predicting outcomes in MIMIC EHR data. The authors found their framework

outperformed other comparative methods for both single-source and multi-source data,

with multi-source generally offering performance benefits compared to single-source.

While average and individual AUC metrics are provided for the twelve prediction tasks,

this study, similar to those above, did not evaluate the impact or benefit of MTL.

In contrast, Chan and colleagues [33] evaluated their proposed model, MulT-EHR,

against single-task baselines. MulT-EHR leveraged a heterogeneous graph transformer

and a multi-task module to share representations among tasks in EHR data. The model

had the best performance (in terms of AUC) on mortality, readmission, and length of stay

prediction, as well as drug recommendation on the MIMIC-III and IV datasets. It was also

consistently superior to single-task learning approaches including a vanilla transformer,

verifying the benefit of multi-task learning.

Other approaches have leveraged MTL in the pretraining of transformer models. For

instance, Med-BERT’s [188] two-task pretraining strategy can be considered multi-task

learning, as well as other models that have followed this methodology [116]. Similarly,

in a claims data example, Zeng et al. [262] used a joint training approach consisting of

medical event reconstruction and expenditure prediction to train a patient representation,

and model relationships among paediatric claims data. While the use of multiple tasks is

generally considered beneficial for pretrained representations, some works have indicated

that this can impede pretraining tasks [199]. Although these studies above generally sup-

port the benefit of MTL with transformers for EHR, further work is needed due to the

noted discrepancies in findings and frequent lack of MTL evaluation.
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2.3.3 Application to Cancer Prediction Problems

When considering application of MTL to cancer-related prediction, there are several

use cases demonstrating benefit in this area. Nebbia et al. [155] explored multiple tasks to

enhance breast cancer diagnosis prediction. This study found that the addition of clinical

knowledge through simultaneous prediction of tasks improved the performance of cancer

diagnosis. Also focused on breast cancer, Sainz de Cea et al. [32] found that a multi-task

approach facilitated the prediction of abnormal findings and need for additional cancer

screening. Both these studies used mammogram data as model input. Focusing on a

different cancer type, Meng et al. [141] proposed a MTL model to predict survival for

patients with advanced nasopharyngeal carcinoma using image data. They found that use

of tumour segmentation as a secondary task was able to enhance the prediction of survival

for patients. While these studies demonstrate potential for MTL in cancer-related studies,

they focused on image data as opposed to longitudinal health data.

One study that did use EHR data in a multi-task cancer prediction problem is that by

Pham et al. [172]. Here, clinical features were used to simultaneously predict the onset

of several cardiac complications for breast cancer survivors. The authors hypothesised

that a MTL framework would provide the ability to better capture interactions among car-

diac complications, leading to more precise predictions for cancer survivors. Performance

comparisons for single and multi-task approaches found that MTL generally offered bet-

ter predictions of complications. While the authors did not demonstrate this using the

Transformer (they instead use a combination of different deep learning architectures),

they do include a transformer as a baseline model. However, comparing the Transformer

to the proposed approach is non-trivial, as the proposed model uses a multi-view encoding

framework that is not used with the Transformer.

Adding to this, the Med-BERT [188] study also leveraged a cancer prediction prob-

lem as part of model evaluation. However, unlike the pretraining of the model which was

done as multi-task problem, the prediction of pancreatic cancer is a single task predic-

tion. This, and the aforementioned works, suggest that MTL can be beneficial for cancer

pathways modelling and predictions. However, the limited MTL applications for cancer

with longitudinal health data compared to other data types (such as image) emphasises
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that further work is needed with transformers and this data in the cancer context.

2.3.4 Summary

Overall, the use of MTL with Transformers has been growing on longitudinal health

data and it has demonstrated potential to improve prediction of patient outcomes. How-

ever, the inconsistencies in findings between studies, and the observed lack of evaluation

of MTL in some scenarios, indicate further research is needed. Additionally, the lim-

ited MTL cancer applications in longitudinal health data compared to other types of data

(e.g., image) warrants additional exploration in this data source. Application of MTL with

transformers to longitudinal health data has opportunity to address the multi-outcome na-

ture of cancer pathways and improve prediction of outcomes for cancer patients.

2.4 Transformer-based Patient Longitudinal Modelling

Following BEHRT [119] and Med-BERT [188], transformers emerged to improve

on these methods and develop better patient representations for modelling longitudinal

health data. Some of these approaches focused on the integration of more patient infor-

mation, to either provide a more comprehensive patient representation, or to model both

dynamic and static (e.g., demographic) patient features in a single representation. Other

methods combined additional patient features with approaches to better model the longi-

tudinal nature of the data, such as via temporal or hierarchical modelling, to produce more

context-aware patient representations. The purpose of this section is to summarise these

areas of the literature, separating the longitudinal modelling of EHR and claims data, and

including studies on applications to cancer pathways.

2.4.1 Integrating Additional Patient Features

Many approaches have explored the inclusion of additional patient features or infor-

mation to improve transformer-based models for longitudinal health data. This has often

been referred to in the literature as multimodal learning, which involves developing mod-

els that can represent and join information from multiple modalities or data types [223].

While deep learning applications often consider multimodal learning to occur when com-

bining different types of data (e.g., structured, image, text data), many healthcare studies
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have described multimodal learning as the integration of different information from the

EHR such as diagnoses, medications, procedures, and demographics. Compared to learn-

ing with a single modality, it is generally considered that multimodal learning can improve

model prediction performance. This is because the integration of multiple modalities can

provide additional knowledge and richer data representations for predictions [20].

Not long after the publication of BEHRT and Med-BERT, studies began integrating

other modalities from the EHR in an effort to improve patient representations and predic-

tions. While BEHRT and Med-BERT focused primarily on relationships between diagno-

sis (and age for BEHRT), subsequent models built upon this by adding in other medical

code data and patient information. The authors of BEHRT extended their model from

two modalities (diagnoses and age) to four modalities, which included expanding medi-

cal codes to includes medications and adding calendar year [186]. Ablation analyses were

undertaken to determine the importance of different modalities, with the study indicating

that all four modalities provided the best performance for heart failure prediction. Also

related to the work of [119], Li et al. [118] further developed a transformer approach

to incorporate information on diagnosis, medications, procedures, tests, blood pressure,

drinking and smoking status, and body mass index. The authors report that the addition

of more modalities generally leads to improvements in performance, and that the contri-

bution of features appears to be related to their frequency in the data. However, many of

the features used, such as blood pressure, drinking and smoking status, and body mass

index, are not available in typical EHR or claims data.

Meng et al. [142] further expanded medical codes to include procedures in addi-

tion to diagnoses and medications, and included gender as part of patient demographic

information. This Bidirectional Representation Learning model with a Transformer on

Multimodal data (BRLTM), used a single vector to represent all the medical concepts

(diagnoses, medications and procedures). Similar to BEHRT, the authors also included

a segment embedding to indicate where codes occurred within the same or a different

hospital visit. Wang et al. [242] also used discrete medical codes, together with demo-

graphics, patient observations (laboratory tests, vitals) and admission date, to develop a

transformer-based model to predict chronic kidney disease. However, neither of these
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studies evaluated the impact of patient sociodemographic features on predictions.

Extended Med-BERT (ExMed-BERT) sought to incorporate even more information

from the EHR. This model, proposed by Lentzen et al. [116] added medications, gen-

der, state of residency, and age. A different embedding was used for each of the five

modalities, which was then concatenated with quantitative clinical measures (including

weight, body mass index, body surface area, height, temperature, blood pressure and

heart rate) to predict severe COVID-19 disease. ExMed-BERT was compared to shal-

low machine learning and deep learning approaches, and experimentation was undertaken

with different classification prediction heads. The authors first considered model perfor-

mance without inclusion of the quantitative clinical measures, finding all ExMed-BERT

variants outperformed baselines in terms of AUC and Area Under the Precision-Recall

Curve (AUPRC) metrics. When quantitative clinical measures were included, perfor-

mance of all models improved, with ExMed-BERT still providing the best prediction.

Finally, in a claims data application, Fouladvand et al. [66] proposed a Multi-stream

Transformer for Predicting Opioid Use Disorder using large-scale administrative claim

records. The approach included diagnosis, medication, and demographic modalities and

found the model provided better F1 and AUC metrics than the original transformer en-

coder block. Unlike BEHRT, where age information was added for each visit (or time

step), the demographic features (age and gender) were added only to the last layer of the

model (similar to the clinical features of ExMed-BERT). While this would have not pro-

vided relational learning between diagnoses and age (as in BEHRT), it was suitable for

the purposes of the model which was to make predictions at the patient level. It is also

one of the only approaches on longitudinal health data that grouped the data into monthly

intervals for modelling, providing a suitable option for claims data, as it does not have

strict visit level information like the EHR. Despite this, the work does not include abla-

tion studies with differing modalities, and hence the impact of additional modalities is

unclear.

2.4.2 Temporal and Hierarchical Modelling in EHR

In addition to leveraging more patient information from longitudinal health data, other

research sought to better capture the temporal or hierarchical relations in the EHR to
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improve patient representations. Key model developments that explore these approaches

are discussed below.

Pang et al. [163] proposed CEHR-BERT, which incorporated artificial time tokens to

better capture the temporality of EHR data. The tokens were defined based on the length

of time between neighbouring visits and depended on whether the visits were less than

28 days apart, 29 to 365 days apart, or greater than 365 days. Tokens were also used to

define the start and end of a visit. When compared to BEHRT and Med-BERT, CEHR-

BERT provided the best performance (in terms of AUC and AUPRC metrics) in the four

prediction tasks, which related to hospitalisation, death, new heart failure diagnosis, and

readmission for heart failure patients. Through ablation studies, the authors confirmed the

usefulness of embedding time tokens, as well as inclusion of the start and end visit tokens.

CEHR-BERT did include different modalities (condition, drug, procedure, age) and sim-

ilar to BRLTM, aggregated all medical codes into a single sequence. While the authors

did evaluate differing embedding structures (without temporal concept embeddings, or

time-age embeddings), and found these were useful to performance, they did not explore

the impact of individual modalities.

Whilst including more medical codes (i.e., diagnosis, medication, procedure) can pro-

vide additional information to benefit patient predictions, it also increases the length of the

EHR sequences and transformer model complexity. To address this limitation of CEHR-

BERT and BRLTM, Rupp et al. [199] proposed ExBEHRT, to add more EHR modalities

(including demographics, clinical characteristics vital signs, smoking status, diagnoses,

procedures, medications, laboratory tests) without growing the length of the patient se-

quence. Similar to ExMed-BERT, ExBEHRT separately embedded each of the EHR con-

cepts. This enabled the modalities to be stacked vertically in the input, preventing the

length from exploding horizontally. The authors compared ExBEHRT to BEHRT and

Med-BERT and found it outperformed all baseline methods in mortality and readmission

prediction. However, the authors did not compare ExBEHRT to an equivalent but hori-

zontally stacked model, making it unclear from a performance perspective on the effect

of vertically stacked features. The authors did, however, conduct feature ablations to look

at the impact of adding procedures, labs, or observations to BEHRT and found that the
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inclusion of all features (i.e., in ExBEHRT) generally provides the best predictions, with

procedures giving the most substantial performance benefit. This supports the findings of

other studies on the benefits of additional modalities.

Other methods used hierarchical structures to capture temporal dependencies or model

long sequences. Luo et al. [126] proposed HiTANet, a Hierarchical Time-Aware Atten-

tion Network for risk prediction on EHR. The approach used a hierarchical structure to

model time information at the local and global level. At the local level, a time-aware

transformer incorporated time information into the attention weights for each visit. At the

global level, a time-aware attention mechanism was used to identify key timestamps in a

patient’s EHR. The attention at these two levels was then fused to obtain the final patient

representation. Compared to baselines which included shallow machine learning, recur-

rent and attention-based models, HiTANet demonstrated superiority in terms of F1 scores

for three disease onset predictions: Chronic Obstructive Pulmonary Disease (COPD),

heart failure, and kidney disease. This demonstrated the benefit of hierarchically mod-

elling temporal information, however only included diagnosis codes in visit inputs.

Wang et al. [240] proposed an approach for hierarchically multimodal EHR data.

It included as input five modalities – including patient demographics, temporal clinical

features, diagnosis codes, drug codes, and clinical notes. The model was trained to learn

relations at different hierarchical levels of the EHR, including at the patient, admission

and stay level, and was evaluated on health prediction tasks. The authors found that

inclusion of their model framework with the HiTANet model boosted its performance

in amnesia prediction (based on the AUPRC metric), supporting benefits of considering

the EHR hierarchical structure. This approach did not evaluate the impact of different

modalities; however, ablation studies did confirm the value of hierarchical learning.

Finally is the work of Li et al. [118], who extended BEHRT to create the hierarchical

model Hi-BEHRT. Similarly to ExBEHRT, the approach aimed to address the issue of

long sequences which increase the complexity of transformers. Based on the idea that

medical events have stronger semantic relation when close in time, the authors proposed a

sliding window over the EHR, splitting it into smaller segments. A transformer is applied

to capture local features within each segment, and then all segment representations are
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provided to a second transformer to aggregate the features prior to pooling and prediction.

The model also received multimodal input including diagnoses, medications, procedures,

tests, blood pressure measurement, drinking status, smoking status and body mass index.

Hi-BEHRT was evaluated by predicting 5-year risk of four chronic diseases: heart failure,

diabetes, chronic kidney disease, and stroke. Compared to baselines BEHRT, Med-BERT,

and CEHR-BERT, Hi-BEHRT provided the best performance metrics on the four disease

prediction tasks. Given the Hi-BEHRT architecture also allowed the model to accept

larger sequence lengths (max = 1220), Hi-BEHRT’s performance was also evaluated on

longer sequences, where it remained the best performing approach.

2.4.3 Temporal and Hierarchical Modelling in Claims Data

Although modelling on EHR data has dominated the literature, there have been some

application to claims data. For example, Kodialam et al. [105] proposed the Self-Attention

with Reverse Distillation (SARD) model and demonstrated the potential for multimodal

transformers to improve predictions on insurance claims data. The architecture, inspired

by BEHRT, aimed to deal with data sparsity and irregularity by combining contextual

and temporal embeddings with self-attention. Unlike BEHRT, which operates on code

embeddings, SARD is applied to visit embeddings, and included additional modalities to

BEHRT, including medications, procedures, and physician speciality. When compared to

the recurrent model RETAIN [41] and BEHRT, SARD provided better predictions for risk

of patient death, surgery, and hospitalisation.

Lahlou et al. [109] used a time-aware attention mechanism to learn temporal relation-

ships in Medicare claims data. This study leveraged diagnostic, procedural, and demo-

graphic information, and demonstrated potential to improve the prediction of unplanned

hospital readmission. The work also investigated smaller transformer architectures and

found a BERT model with only two hidden and attention layers, and a hidden dimen-

sion of 512 was optimal according to the best-fit learning curve. This suggested that

smaller-scale BERT models may be appropriate for claims data. However, the study did

not evaluate the effectiveness of different data modalities on prediction.

Zeng et al. [262] proposed a Transformer-based Multimodal Autoencoder (TMAE)

for patient representation learning from paediatric claims data. The approach used mul-
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timodal input – considering information on medical codes, utilisation (code category or

type – i.e., inpatient, outpatient or pharmacy), expenditure, and demographics (age and

gender). Like SARD, the model aimed to tackle irregular time intervals and data spar-

sity, augmenting diagnosis codes with Clinical Classifications Software (CCS) groupings

to alleviate the sparsity of rare medical codes. Embeddings were produced for each of

the inputs, concatenated, and then a max-pooling layer was used to capture the relations

within each visit. Demographic information was then added, and the initial element of

the encoder served as the patient embedding (equivalent to the [CLS] token in BEHRT).

TMAE was investigated via clustering tasks (not prediction tasks), and like Lahlou et al.

[109], there is no ablation study on the contribution of different types of claims data or

modalities. A later study [263] by the same authors and using the same data did look at

the impact of different modalities and found that medical codes alone provided good per-

formance, with small gains from addition of demographics and utilisation information.

However, for both this model and TMAE, there is a lack of detail on how a visit was

defined for the claims data, and whether these included claims items that occurred on the

same date or grouping by an alternative method.

Another study that looked at rare conditions is RareBERT [176], an extension of Med-

BERT to detect rare diseases from administrative claims data. It built on the Med-BERT

architecture by addition of a ‘type’ embedding – representing whether a token relates to

a diagnosis, procedure or treatment (i.e. claims type), and a ‘temporal reference’ em-

bedding – incorporating event position relative to an index date in the patient pathway.

RareBERT was evaluated on two rare diseases and outperformed Med-BERT (based on

AUPRC metrics). The authors attributed the robustness of RareBERT to the use of the

special [CLS] token to represent the patient, compared to the feed-forward layer used

in Med-BERT. This was supported by studies comparing RareBERT with an equivalent

model but with a feed-forward layer (i.e., no [CLS] token), which showed a 14% dif-

ference in performance. The authors also evaluated the impact of different inputs on

RareBERT, finding that each embedding (token, event type, visit number, and temporal

reference) provided useful information for predictions. However, RareBERT did not in-

clude any demographic information, and used the same mapping of diagnosis codes to

CCS category as BEHRT, which may be too aggregated to learn low-level information.
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Additionally, similar to TMAE, it is unclear how a visit is defined for claims data, indi-

cating further detail is needed for modelling this type of longitudinal health data.

2.4.4 Applications to Cancer Predictions

While much research has focused on chronic conditions or general health predictions,

there is some application of transformers to cancer-related predictions using longitudinal

health data. For example, the earlier discussed ExBEHRT [199] model is evaluated on six-

and twelve-month mortality predictions for cancer patients from time of diagnosis. The

study reported that the ExBEHRT model, which includes additional modalities from the

EHR, can outperform BEHRT. The authors also investigated predictability of ExBEHRT

on the top ten most common cancers, as there can be variability in predictions by cancer

type. The AUC metrics ranged from 66.5% to 72.6% for the six-month mortality task,

and from 68.4% to 78.5% for the twelve-month mortality prediction. Although there

was variability in the class labels for different cancer types, the results were close to

the overall mortality results (AUC 6-month 71.5% and 12-month 74.3%) and hence the

authors conclude no bias towards certain cancers.

Another previously mentioned model, BRTLM [142], focused on depression predic-

tion for those with breast cancer. This model leveraged five modalities from the EHR

and made predictions at multiple different time windows. Comparison of the approach

to baselines (which included BEHRT) suggested additional data modalities offered im-

proved predictions for depression (at short (2-week) and long-term (1-year)) for breast

cancer. However only the clinical notes were evaluated in terms of impact on perfor-

mance. In addition, only six months of patient history was used for each patient to avoid

bias toward longer histories, and this is likely insufficient for cancer-based analysis as

care and treatment tend to be lengthy. Furthermore, position embeddings are assigned to

each code in the entire patient sequence, with no explicit position information provided at

the visit level.

Another model that provided predictions for breast cancer patients is Multimodal

BEHRT (M-BEHRT), proposed by Mbaye et al. [138] and based on the BEHRT ar-

chitecture. This model focused on the prediction of disease-free survival for breast cancer

patients treated with adjuvant chemotherapy, which is a key outcome of interest, and
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is important in informing treatment plans. The approach included both structured and

unstructured health data. The structured data component, termed Tabular BEHRT, in-

cluded clinical features (age, cancer tumour details), biological measurements, therapies

(surgery, chemotherapy etc.), and nature of visit information. The unstructured data com-

ponent, termed Text BEHRT, included free-text information from medical reports. The

M-BEHRT study found that the combined model which used both Tabular BEHRT and

Text BEHRT components provided the best performance in terms of AUC, outperforming

the commonly used prognostic tool for breast cancer, the Nottingham Prognostic Index by

10%. Ablation studies revealed that clinical features were most critical to performance,

supporting the inclusion of this information in cancer prediction models. Ablation anal-

ysis also found that addition of Text BEHRT to Tabular BEHRT only provided a small

increase in predictability (AUC 0.75% vs 0.77% with addition of text BEHRT), suggest-

ing that Tabular BEHRT can capture majority of the features important for prognosis.

While this study does utilise unique cancer-specific features and includes some procedure

and treatment information, the data is dissimilar from other EHR models that leverage

medical concepts (i.e., diagnoses, medications, procedures).

Ho et al. [83] developed a model to predict colorectal cancer recurrence with mul-

timodal healthcare data. The authors explored multiple approaches to extract and inte-

grate patient features from multiple modalities. They included both tabular data (demo-

graphic information, tumour characteristics, laboratory test results and treatment param-

eters), and time series data (using measured levels of carcinoembryonic antigen). The

study found that using multiple modalities was better than using a single modality, and

that the transformer model with multiple modalities outperformed other deep learning ap-

proaches. This study, like M-BEHRT, did include cancer-specific tumour characteristics,

which provide detailed cancer-related information that are typically used in practice to

help determine cancer prognosis. However, unlike M-BEHRT, the study did not quantify

the contributions of individual modalities.

Iyer and colleagues [91] developed an ensemble transformer-based model for predict-

ing Barret’s eosophagus and esophagael adenocarcinoma from EHR data. The model

used several patient static features including age, gender, race/ethnicity, family history
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and smoking status. A number of temporal features related to medications, comorbidi-

ties, body mass index, lab tests and patient notes were also included. By modelling these

inputs with the transformer, the study found this architecture provided better performance

for the two conditions compared to risk factor-based scores, further supporting the bene-

fits of transformers for cancer pathways modelling. Unlike Ho et al. [83] and M-BEHRT

[138], this study did explore the impact of the input features to compare against estab-

lished risk factors. However, the authors do not compare the model with any other ma-

chine learning or deep learning methods, nor include cancer-specific characteristics.

Finally, Chen et al. [36] developed a transformer-based model for predicting lung

cancer in claims data. They used diagnosis and medication information, together with

age and gender to build their model, which was based on the Vision Transformer. The

model outperformed traditional machine learning approaches and recurrent methods in

terms of AUC scores for lung cancer prediction at all stage and early stages. Compared

to the earlier mentioned TMAE [262] and RareBERT [176] models where there is lack of

clarity on how a visit is defined in the claims data, this work groups inputs together in 30-

day windows. The rationale provided is that appointments tend to be scheduled monthly

and so this timeframe is appropriate for modelling progression. While this study provides

a proposed approach for modelling claims data for cancer predictions, there is potential

for more information to be included in the model, such as additional patient demographics

and cancer characteristics.

2.4.5 Summary

Collectively, existing research with transformers highlights trends in including more

patient information from longitudinal health data and exploration of strategies to better

capture the temporal and hierarchical data relations. While it is evident that integration of

additional patient features generally offers better predictions, not all approaches evaluate

the impact of including these features or modalities, and there are considerable differences

in the types of patient features included and how they are integrated into model architec-

tures. Similarly, while temporal and hierarchical modelling can better capture the rela-

tions within longitudinal health data, there is variability in the methods and approaches

used, resulting in lack of clarity on how best to encode and represent longitudinal health
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data. Furthermore, majority of existing work (including for cancer pathways) has been

developed for EHR data, leaving claims data understudied in the cancer context. More

research is needed to model cancer pathways in claims data that captures longitudinal and

static patient level detail.

2.5 Transfer Learning with Longitudinal Health Data

Owing to the success of transformers with natural language, another key direction

following BEHRT [119] and Med-BERT [188] has been the development of general-

purpose transformers. These have been popularised as they can be used for a range of

prediction tasks with minimal additional effort by way of transfer learning. The purpose of

this section is to provide an overview of transfer learning, and to review the development

of pretrained transformers for EHR, claims data, and for cancer prediction problems.

Many of the models discussed appeared in earlier sections of the review but are also

included here as they utilised a pretraining component.

2.5.1 Transfer Learning and Pretrained Models

Transfer learning aims to improve predictions by sequentially transferring knowledge

from a related domain to a target domain [270]. In this way, it is possible to utilise large

unlabelled data sources to train a model to learn generalised knowledge, which can later

be leveraged in the target domain to improve predictions where labelled data is present.

Readers are referred to a number of review papers for a more detailed overview of transfer

learning [270, 85, 56].

One of the main benefits of transfer learning is its ability to improve model perfor-

mance in instances where datasets are small, or where there is limited labelled data avail-

able [52]. This scenario is particularly relevant to healthcare data, including cancer-related

data, as it can be difficult to obtain large datasets (due to privacy requirements) or to label

data without input from clinical expertise [212, 245]. In addition, many cancer-related

prediction studies utilise sub-cohorts from larger populations. For example, prediction

models may utilise data from only those with cancer (thereby excluding the population

without cancer), or limit data to a specific cancer type, stage, or treatment regimen. These

types of cohort studies reduce the data samples for modelling, and as a result, can be
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challenging for deep learning techniques.

The use of transfer learning and pretrained models in NLP gained much attention

following the development of the BERT model [52]. As earlier described, BERT uses

MLM, together with next sentence prediction to learn contextualised relationships in lan-

guage from large amounts of text data. Once trained, BERT can be fine-tuned using only

one additional modelling layer for downstream tasks, such as for question and answering,

and language inference [52]. Since its introduction, BERT has been widely successful

for language-based tasks, including those related to the healthcare domain [18, 170]. Its

use is also growing for longitudinal health data, where there are now several pretrained

transformer models based on BERT. However, due to differences between longitudinal

health data and natural language, BERT-based models have explored modifications to

better tailor them to the characteristics of EHR and claims data.

2.5.2 Pretrained Models for EHR

Several of the earlier mentioned works included a pretraining fine-tuning framework

as part of their proposed transformer model. For example, CEHR-BERT [163] used pre-

training for modelling relations in the EHR from 2.4 million patients. The authors in-

troduced a second pretraining objective called Visit Type Prediction to predict whether

a medical code was an inpatient or outpatient activity. This objective was trained with

MLM, so the model included masking of medical codes and masking of visit types.

CEHR-BERT was compared to an equivalent model that did not utilise pretrained weights,

which indicated that pretraining did provide benefits in downstream tasks. Experiments

were also conducted on differing amounts of fine-tuning data, showing CEHR-BERT

could provide good performance with just 5% of training data, with other models needing

up to 80% for comparable metrics.

While CEHR-BERT did outperform BEHRT [119] and Med-BERT [188] in down-

stream tasks, its multitude of differences from these approaches (pretraining strategy,

number of modalities, model design) make it challenging to determine the impact of the

specific pretraining approach. Indeed, the authors suggest that further investigation is re-

quired on the Visit Type Prediction pretraining task to confirm the benefit was not due

to random variation. In addition, the model includes patients with only one visit. Simi-
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lar models have traditionally adopted a threshold of five or more visits (e.g., ExBEHRT

[199]) in order to provide sufficient temporal information to the model and enhance the

ability to learn longitudinal relations.

Hi-BEHRT [118], which relates to the hierarchical BEHRT model, also used model

pretraining. Due to the hierarchical nature of this model using a sliding window and

multi-level data representations, it was not straightforward to apply MLM. To address

this, the authors used a self-supervised framework based on contrastive learning called

Bootstrap Your Own Latent (BYOL) to create a modified version of MLM. Pretraining

involved two strategies: EHR and segment augmentation. EHR augmentation focused

on masked tokens, while segment augmentation used BYOL to compare sequences with

true and modified (masked) segments and minimise the loss. In addition to the model

providing better predictions for heart failure, it also provided benefits when only a very

small amount of fine-tuning data was available (1% when using pretraining compared to

5% needed without pretraining). This benefit was no longer evident at 50% of the training

dataset, however this may be explained by the relatively large fine-tuning training data of

nearly two million samples.

Another previously described hierarchical model, the Hierarchical Multimodal Pre-

training framework for the Medical domain (MedHMP) [240], proposed multi-level pre-

training. This framework was designed to consider the hierarchy of EHR data at the

stay level (time-series clinical variables and monitoring), admission level (series of med-

ical codes and clinical notes), and patient level (multiple visits). At the stay level, self-

supervised learning was used to reconstruct the clinical features and predict acute respi-

ratory failure, shock, and mortality prediction. At the admission level, self-supervised

learning was used to model both intra-modality and inter-modality relations, via masked

code prediction (like MLM) and contrastive learning (masking EHR concepts), respec-

tively. The model is first pretrained at the stay level, and this is used to initialise the

admission level pretraining, evaluated by 30-day readmission prediction. There are eight

downstream tasks used for evaluation, as well as comparison with eight baseline models.

Experiments with MedHMP demonstrated the following: 1) MedHMP was superior to

baselines at the stay and admission level tasks, and use of the pretrained model generally
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improved the prediction of patient health conditions (heart failure, COPD, amnesia). 2)

The pretrained model always provided better performance even when varying the fine-

tuning data (1, 10, 50, 100%). 3) Pretraining enabled the downstream model to converge

faster. 4) Inclusion of both stay and admission level pretraining objectives was beneficial,

as well as the use of two tasks at the admission level. While this study was one of the

more comprehensive in terms of exploring pretraining in EHR, the authors only include

ICD-9 codes. Rather than mapping ICD-10 codes, they exclude these codes, resulting in

information loss. In addition, the methodology is not directly implementable on claims

data, as claims data does not contain the stay level characteristics noted for EHR.

TransformEHR [255] took a different approach for pretraining. The authors claimed

that existing methods (Med-BERT [188], BEHRT [119] and BRLTM [142]) only pre-

dicted a small amount of diagnosis codes within each visit, while their approach Trans-

formEHR aimed to predict all diseases and outcomes in a visit. The model was more ar-

chitecturally similar to the GPT model and used an encoder-decoder framework with past

visit information to predict future codes, rather than the bidirectionality used in BERT-

based models. TransformEHR was pretrained to learn the true EHR sequences from dis-

torted sequences, where visit masking was used instead of code masking, and diagnosis

predictions were made in an autoregressive fashion. Compared to BERT [52], Trans-

formEHR was superior in the pretraining evaluation tasks of predicting the top 10 most

common and uncommon diseases. It also outperformed BERT in the two disease pre-

diction tasks for pancreatic cancer and intentional self-harm among post-traumatic stress

disorder patients. While TransformEHR outperformed BERT, it is unknown whether it

would outperform other BERT-based Transformer models that have been optimised for

EHR (such as BEHRT or Med-BERT). It was also built using Veteran’s EHR data and so

the relations learned may not be applicable to all cohorts or populations. Furthermore,

only diagnosis codes were used as input for TransformEHR, neglecting other modalities.

A more recent model HERBERT (HEalthRecordBERT), proposed by Moore et al.

[149], attempted to implement a second pretraining task similar to the next sentence pre-

diction task of the original BERT [52] model. For this task, which the authors term Next

Visit Prediction, the model is provided two EHR sequences, where 50% of the time it
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is the next visit in the patient’s EHR and 50% of the time it is from a different random

patient. The model then has to predict which is more likely. The authors suggest that this

task is more appropriate for capturing long-term dependencies than the PLOS task used in

Med-BERT [188], which is more reflective of predicting patient health status than likely

future activity [149]. To aid the Next Visit Prediction task, a separation (SEP) token is

used only at the end of a series of EHR visits to differentiate historical from future visits,

as opposed to BEHRT [119] which uses a [SEP] token at the end of each visit. HER-

BERT was evaluated on a prediction task for transition from chronic kidney disease to

end stage renal disease at 3 different time windows – less than 1 year, 1-2 years and 2-5

years. While prediction performance between HERBERT and Med-BERT was similar

at the 1-year prediction (HERBERT AUC 0.91 vs Med-BERT AUC 0.894), HERBERT

substantially outperformed Med-BERT at the 2-year and 5-year predictions. However,

HERBERT only evaluated the pretrained model on one downstream prediction task, and

so whether it provides benefits for other tasks is unclear. Based on ablation studies, the

authors also suggest that the impact of alternative secondary pretraining tasks is less ap-

parent, as only a slight performance uplift is evident when compared to pretraining with

only MLM. Both these issues suggest further work is needed in evaluation of pretraining

and fine-tuning tasks.

2.5.3 Pretrained Models for Claims Data

While not as extensive as on EHR data, there has been some use of transfer learning

and pretraining with claims data. Closely related to this research, is the work of Zeng et

al. [263], who proposed the Claim Pre-Training (Claim-PT) framework. This study lever-

aged a million patient records from paediatric claims data to develop a general-purpose

pretrained model. The study built off the previously discussed TMAE model, where the

authors used the same data and claims inputs – medical codes, claim type information,

service date, and expenditure. The model was pretrained using two objectives: Next Visit

Prediction, a modified MLM task to learn relations between claims items, and Categorical

Prediction, to predict the type of claims input and designed to input medical knowledge.

Claim-PT was evaluated on two patient-level fine-tuning tasks – suicide risk predic-

tion and asthma exacerbation prediction. Experiments showed the Claim-PT model was
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superior to baselines (based on AUC metric) on the two downstream tasks. While a trans-

former encoder is included as a baseline, the study does not evaluate the transformer used

in the Claim-PT framework without the pretraining component. This would be useful

given there are noted differences compared to the standard transformer encoder (e.g., the

use of pooling in Claim-PT), and thus the individual contribution of pretraining on pre-

dictions is unclear. The authors do, however, explore the impact of single pretraining

tasks and fine-tuning approaches for Claim-PT. They found that while use of both pre-

training objectives was optimal for predicting suicide and asthma prediction, Next Visit

Prediction alone provided good performance, with Categorical Prediction providing only

marginal improvement. The downstream predictions were also influenced by the fine-

tuning approach. Use of fine-tuning (i.e., few-shot) compared to no fine-tuning (zero-

shot) provided better suicide and asthma predictions, indicating the benefit of fine-tuning

downstream tasks.

Finally, the authors also investigated for ClaimPT how pretraining could benefit cross-

domain tasks. They found the pretrained embeddings were more useful when applied to a

hold-out subset of the original data compared to an external dataset (demonstrated through

use of MIMIC-III data). This can likely be explained by the differing populations of these

two datasets (paediatric vs. intensive care), however there is little detail provided on what

the cross-domain prediction task is other than indicating it is an auto-diagnosis task.

The aforementioned RareBERT [176] also leveraged pretraining with their model for

rare diseases. Similarly to Claim-PT, the model was pretrained via masked event predic-

tion (like MLM) and type embedding (whether code is a diagnosis, procedure or treat-

ment). The approach additionally introduced adaptive loss to address imbalanced classes,

which is common for rare conditions. However, like Claim-PT, the authors only explore

two downstream tasks (two rare diseases) and find differing results on whether adaptive

loss provides the best performance. The study also aggregates medical codes by map-

ping to CCS category (Like BEHRT [119]), which potentially results in information loss.

Furthermore, while the study does compare RareBERT to Med-BERT [188], it does not

examine the performance of the RareBERT model without pretraining, despite having

some architectural differences from Med-BERT (e.g., number of layers, embedding size,
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[CLS] token).

ExMed-BERT [116], which extended Med-BERT by adding more modalities, is also

a pretrained transformer. Unlike Med-BERT, ExMed-BERT was trained on EHR and

insurance claims data, and used a smaller population for pretraining (28.5 million in

Med-BERT vs 3.5 million in ExMed-BERT). ExMed-BEHRT leveraged the same hy-

perparameters and pretraining tasks as Med-BERT – i.e., MLM and PLOS. However, in

contrast to Med-BERT, which used both [ICD-9 and ICD-10 diagnosis codes, ExMed-

BERT mapped all ICD codes to Phecodes, reducing the feature space and possible coding

biases. While the results suggest that ExMed-BERT offers performance improvements

compared to shallow machine learning and recurrent baselines, ExMed-BERT was only

evaluated on one downstream task of acute respiratory manifestations using medical his-

tory of COVID-19 patients. There was also no inclusion of deep learning models without

pretraining for evaluation. The authors also looked at the transferability of ExMed-BERT

to external hospital data, finding no difference in performance between the pretrained

model and a random forest trained from scratch. This further identifies the challenges of

transfer learning from pretrained models.

2.5.4 Pretrained Models with Cancer-related Fine-tuning

The use of transfer learning and pretrained models is a growing area for cancer. How-

ever, there is limited research with respect to longitudinal health data. A recent review

exploring the use of transfer learning applied to non-image clinical data reported that the

majority of cancer-related applications on tabular or time series data had utilised genetic

data [56]. There are only a handful of pretrained models on longitudinal health data that

have made predictions related to cancer. Many of these have been mentioned in earlier

sections, such as Med-BERT [188] and TransformEHR [255], which both include pan-

creatic cancer prediction as a fine-tuning task.

In addition, the BRLTM model by Meng et al. [142], applied MLM pretraining with

their transformer model to predict depression for breast cancer patients. While the model

did outperform baselines, authors did not validate the benefit of transfer learning by per-

forming experiments without pretraining. Furthermore, the earlier noted restriction of

patient data to the most recent six months may be problematic for cancer patients. While
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this approach may reduce bias towards patients with longer EHR histories (as the au-

thors claim), it does not consider the longer-term perspective of the patient, and cancer

treatment and monitoring often extends beyond a period of six months [90]. The use

of additional data is therefore desirable for model pretraining and prediction for cancer

outcomes.

ExBEHRT [199] also used model pretraining and evaluated it on a cancer-related pre-

diction task. Like most other approaches, they pretrained using MLM, but appear to only

apply this for diagnosis codes in the study and not for other medical codes. This is likely

due to the architecture of the model vertically stacking modalities rather than as one se-

quence, however this approach for pretraining may result in some relational loss. One

strength of the approach is that rather than using only ICD-9, or multiple diagnostic clas-

sifications, they map all ICD-9 codes to ICD-10. This means they only use one coding

structure, allowing longitudinal relational understanding using the most current classifi-

cation, while appropriately reducing the vocabulary and dimensionality. ExBEHRT is

also implemented with and without the PLOS objective used in Med-BERT and found

that this task did slightly harm the MLM performance. Nevertheless, they use both mod-

els in downstream predictions and find that while the PLOS task was not beneficial for

cancer prediction, it was useful for predicting readmission for heart failure patients. This

suggests that secondary pretraining objectives can potentially provide useful context for

patient predictions even if they reduce MLM performance. Finally, ExBEHRT also inves-

tigated the ordering of medical codes within a visit given some approaches in the literature

(e.g., Med-BERT) use code ordering while others (e.g., BEHRT) do not. The authors re-

port similar performance is observed when varying the order of diagnosis, procedures

and laboratory codes within a visit, suggesting low-level code order is not necessarily im-

portant for learning medical relations. This is important for claims and much EHR data

which does not have information on code ordering.

Wang et al. [236] developed a pretrained model that was evaluated specifically for

improving the diagnosis of suspected lung cancer. The authors used the Lite BERT model

ALBERT [112] to pretrain their model using MLM on longitudinal patient histories called

MedAlbert. A logistic regression classifier head is added on top of MedAlbert to make
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predictions for lung cancer diagnosis, which outpeformed a logistic regression classifier

without use of the pretrained model. This demonstrated that considering the temporal re-

lations within cancer pathways for diagnosis provides higher performing models. While

this supports the use of transformers for cancer pathways modelling, the authors only

compare MedAlbert to a logistic regression model, and focus solely on EHR data. Sim-

ilarity, He and colleagues [81] explored downstream cancer predictions from pretrained

models. However, this study leveraged the existing pretrained Med-BERT [188] model

and focused on ways to design the fine-tuning task to improve the prediction of pancre-

atic cancer. This work, therefore, didn’t explore opportunities for performing the model

pretraining, only fine-tuning. Furthermore, it also focused on EHR data.

2.5.5 Summary

Overall, existing research has shown that using transfer learning and pretrained mod-

els offers benefits for predicting health-related outcomes and model convergence when

data is limited. However, there have been numerous approaches implemented for pre-

training and fine-tuning. Many studies use differing pretraining strategies (e.g., what

BERT special tokens or diagnosis code classifications they use), that typically leverage

limited pretraining tasks, leading to debate in how best to pretrain and evaluate gener-

alised models. In addition, some studies do not evaluate the pretrained model alongside

an equivalent model trained from scratch, or only evaluate pretrained models on a small

number of downstream tasks. This makes it challenging to validate the benefit of pre-

training or the broader generalisability of models. Finally, there remains less of a focus

on claims data compared to EHR data, particularly for cancer, highlighting a gap in pre-

trained models for this context. Further research is needed to determine if pretraining can

be used successfully with claims data to improve predictions for cancer patients in low

resource scenarios.

2.6 Conclusion

Existing research suggests there is growing interest in applying transformers to longi-

tudinal health data to improve patient predictions. In particular, use of MTL, longitudinal

patient modelling, and transfer learning, have been identified as promising areas for trans-
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formers to improve healthcare predictions. However, as identified in the literature, there

are still a number of limitations with regard to transformers and longitudinal health data

for cancer pathways modelling.

First, MTL has demonstrated benefits with longitudinal health data for patient pre-

dictions, however existing results show inconsistency and lack exploration for cancer in

longitudinal health data. Second, transformers are being increasingly used for longitu-

dinal patient modelling. However, variability in the patient features and modelling ap-

proaches has resulted in lack of agreement and clarity in how best to encode or represent

this data. Furthermore, majority of existing work (including for cancer pathways) has

been developed for EHR data, leaving claims data understudied. Third, existing research

has highlighted that pretrained transformers and transfer learning can be beneficial for

health predictions. However, there is wide discrepancy in approaches used and there re-

mains a deficit of applications on claims data and for cancer. These gaps indicate a need

for further approaches in these areas using transformers with longitudinal health data in

the cancer context.

As described in the following chapters, this research aims to address the aforemen-

tioned limitations by: implementing and evaluating MTL with transformers in longitu-

dinal health data to predict multiple cancer outcomes; developing a hierarchical trans-

former tailored to modelling longitudinal claims data that integrates dynamic and static

features for cancer-related predictions; and providing a comprehensive investigation into

pretraining strategies for claims data and applying the model to fine-tune chronic disease

predictions for cancer patients.
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Chapter 3

Multi-Outcome Prediction for Cancer Patients with
Transformer-Based Multi-Task Learning

This chapter focuses on the problem of cancer being a multi-outcome disease, with many

outcomes requiring consideration for optimal cancer care. It investigates the potential

to extend transformers with multi-task learning to model multiple related outcomes in

longitudinal health data.
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3.1 Introduction

Predicting outcomes for cancer patients is an ongoing challenge due to the complex-

ity of individuals with cancer and growing treatment options [75]. Cancer patients often

experience frequent hospital admissions due to cancer symptoms and treatment, result-

ing in possible delays in therapy, reduced quality of life and increased financial bur-

den [62, 124]. Recent use of EHR data has facilitated the development of models to

predict hospital readmission (usually within 30 days) and future diagnosis for admitted

patients [128, 146]. These outcomes are of particular importance to cancer patients who

have shown an increased risk of hospital readmission [92], and are often burdened with a

range of symptoms and side effects which can require hospitalisation [145]. Being able

to accurately predict these outcomes for cancer patients provides opportunity for person-

alised treatment and care planning to improve patient outcomes.

Although EHR data has shown benefits in predicting outcomes for cancer patients,

current models largely use statistical and shallow machine learning approaches [165, 69],

despite the recent success of deep learning. Deep learning models have been widely used
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in cancer prediction and prognosis with image data [68, 114], and have also been used

with EHR data for a range of non-cancer health applications [128, 41, 168, 169]. Given

the longitudinal nature of EHR data, many studies have leveraged RNN approaches and

their variants, which are capable of handling sequential relationships. However, the emer-

gence of transformer models has provided new state-of-the-art performance in language

and health-related tasks [52, 186]. While there are some examples of these models using

EHR data, this research is still developing, and is particularly limited for cancer use cases.

A further limitation of existing cancer-related EHR studies, is that they are primarily

designed for STL, where only a single outcome is predicted (e.g. readmission or future

diagnosis). Growing evidence indicates that MTL, where multiple related outcomes are

predicted simultaneously, can outperform STL in prediction tasks [68, 79]. Since there

are often common diagnoses for hospital readmissions [86], and up to 30% of patients are

readmitted for the same diagnosis as their prior admission [27], there may be benefits to

using MTL to jointly predict these patient outcomes.

To overcome the above limitations, we propose a Transformer-based Multi-Task

model (called TransMT), to predict two outcomes for hospitalised patients with cancer;

future diagnosis and hospital readmission. This model uses EHR data to capture inherent

diagnosis and sequential visit dependencies, and applies the two predictive tasks to si-

multaneously learn common low-level representations and task-specific knowledge. The

main contributions of this work are:

• An end-to-end multi-task transformer model that outperforms single-task and RNN

baselines in predicting future diagnosis and hospital readmission.

• An experimental study conducted on two public health datasets applying the pro-

posed model to predict outcomes for cancer patients.

This is, to the best of our knowledge, the first application of this type of model to a

cancer-related prediction problem.

The remainder of this chapter is organised as follows: Section 3.2 briefly reviews

the related work on transformers and multi-task learning. Section 3.3 describes the pro-

posed model. Section 3.4 presents the experiments and results from two cancer cohorts,
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and Section 3.5 concludes the chapter by summarising the research and presenting future

directions.

3.2 Related Work

Transformers for EHR

The transformer models most closely related to this study include BEHRT [119] and

Med-BERT [188]. These models are both BERT-based approaches that use EHR data to

develop generalised pretrained models that can be further fine-tuned for single prediction

tasks. BEHRT uses a specialised code mapping (Caliber1 codes) to group diagnosis codes,

however this approach is not well-utilised in EHR deep learning applications. BEHRT

also utilises special tokens from language modelling that may lead to information loss in

EHR data [188]. While Med-BERT does not use these language tokens, it does include

input from multiple diagnosis classifications (ICD-9 and ICD-10), and also uses a poten-

tially unreliable diagnosis ranking strategy. Both of these aspects may have implications

for learned diagnosis relationships in EHR data.

To address these issues, the model proposed in this study adopts a common diagnosis

grouping approach (see Section 3.4); maps all diagnoses to a single classification; and

does not use diagnosis priority rankings. Furthermore, the purpose of the proposed ap-

proach differs to that of the above existing models, as it extends transformers to enable

multi-task prediction, as opposed to developing a pretrained model. Finally, our proposed

model is also related to the work of Lahlou et al. [109], who developed a transformer

model for predicting 30-day hospital readmissions using Medicare claims data. However,

this paper is focused only on readmission prediction and does not explore MTL.

Multi-Task Learning

MTL aims to improve predictive performance by jointly training multiple related pre-

dictive tasks. It has several advantages over STL including reduced overfitting, improved

generalisation and increased training sample size [198]. This makes MTL particularly

relevant for health data which typically has higher dimensions and noise, but smaller size,

1 https://www.hdruk.ac.uk/case-studies/caliber/
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than other data types [139]. The last few years have seen several studies exploring MTL

for cancer applications with image data, such as for breast and lung cancer [68, 114].

MTL has also been used in general EHR studies and has shown benefits over STL for

predicting mortality and diagnosis [79, 121]. None of these studies however, included

both hospital readmission and future diagnosis as prediction tasks in MTL.

Of the EHR-related MTL research, McDermott et al. [139] compared the performance

of RNNs and transformers. Interestingly, this paper found that an RNN-based model

outperformed a transformer, and MTL resulted in poorer predictions than STL. However,

it is difficult to compare the two models, as they provided a reduced number of samples

to the transformer and did not use position encoding. They also included a large number

of predictive tasks, some of which may not have been related, which may explain the

MTL results. Nevertheless, this work indicates a need for further exploration of MTL

with transformers for healthcare predictive tasks.

3.3 Methodology

This section describes the methodology of the proposed model. It starts with nota-

tions of important concepts, followed by an overview of the model. Then, the individual

components of the model are explained.

3.3.1 Notations

We denote the set of diagnosis codes from the EHR data as c1, c2, . . . , c|C| ∈ C and |C|

is the number of unique diagnosis codes. A patient’s EHR record can be represented by

a sequence of visits P = ⟨V1, . . . , Vt, . . . , VT ⟩, where T is the visit number in the patient

record. Each visit Vt consists of a subset of diagnosis codes (Vt ⊆ C). For demonstration

purposes, all algorithms are presented for a single patient’s record. Table 3.1. summarises

the notations used throughout the chapter.

3.3.2 Model Overview

As illustrated in Fig 3.1., TransMT is trained in an end-to-end fashion. First, an em-

bedding layer encodes categorical diagnosis codes to dense numerical vectors. Then, an

attention pooling layer compresses a set of diagnosis code embeddings from the visit into
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Table 3.1 : Notations for TransMT.

Notation Description
C Set of unique diagnosis codes in the dataset
|C| The number of unique diagnosis codes
ci ci ∈ C, the i-th diagnosis code in C, i = 1, . . . , |C|
V t The t-th visit of the patient, V t ⊆ C
P The patient record, P = ⟨V 1, . . . , V t, . . . , V T ⟩
Ei,: Basic embedding vector of diagnosis code ci

d The dimension of the diagnosis code embedding

a single context-aware vector representation. Next, the position embeddings are added

to the learned visit vectors, and normalized outputs are fed into the prediction tasks. The

structure of the two prediction tasks are identical, using a Transformer to learn the visit re-

lationships in the patient record. Lastly, a predictive model is used to predict the outcomes

in the final hospital visit simultaneously.

3.3.3 Common Representations

Embedding Layer.

Visit V t is denoted by a set of diagnosis codes X t = [xt1,xt2, ...,xtn], where n

is the number of diagnosis codes in the visit, and xti could be a one-hot vector whose

dimension length equals the number of unique diagnosis codes |C|. An embedding layer

is applied to X t and transforms all discrete diagnosis codes to a set of low-dimensional

dense vector representations Et = [et1, et2, ..., etn] with eti ∈ Rd. This process can be

formally written as Et = W (e)X t, where the diagnosis code embedding weight matrix

W (e) ∈ R|C| × d can be fine-tuned during model training.

Attention Pooling.

Attention Pooling [120, 28] explores the importance of each diagnosis within a visit

and compresses a set of diagnosis code embeddings into a single context-aware vector

representation. For simplicity, we take the embedding output Et of the t-th visit V t as an
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Figure 3.1 : The proposed TransMT model.

example. Formally, it is written as:

g(Et
i,:) = wTσ(W (1)Et

i,: + b(1)) + b, (3.1)

where Et
i,: is the i-th row of Et (1 ≤ i ≤ n ), σ is ReLU function and w,W (1),

b(1), b are learnable parameters. The probability distribution is formalized as

αt = softmax([g(Et
i,:)]

n
i=1). (3.2)

The final output vt of the attention pooling is the weighted average of sampling a code

according to its importance, i.e.,

vt =
n∑

i=1

αt ⊙ [Et
i,:]

n
i=1, (3.3)
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where vt ∈ Rd (1 ≤ t ≤ (T − 1)) represents the t-th visit in the patient record.

The patient record in low-dimensional dense vector representations is denoted as J =

[v1, . . . ,vt, . . . ,v(T−1)].

Position Embedding and Normalization.

To incorporate information on the order of visits in a patient record, we embed each

temporal position t to obtain a position embedding matrix Pe ∈ R(T−1)×d, then fuse

the embeddings into a vector representation. The structure of the position embedding

is identical to the embedding layer. The output of the Add&Norm layer is denoted as

follows,

O = LayerNorm(J + Pe). (3.4)

3.3.4 Transformer Model

The Transformer excels in learning relationships between elements in a sequence. We

leverage this by using the Transformer module to capture the inherent dependencies

between patients’ sequential visits, which is calculated as follows:

{V 1, . . . ,V T−1} = Transformer({O1, . . . ,OT−1}) (3.5)

Given the success of BERT-based approaches, we implement the Transformer

identical to BERT [232] and [52], which has two sub-layers. The first is a multi-head

attention mechanism (explained below), and the second is a position wise fully connected

feed-forward network. A residual connection is employed around each of the two sub-

layers, followed by layer normalization. While BERT uses Masked Language Modelling

for pretraining, we focus on the objective of multi-task learning and hence the model is

trained directly on the two prediction tasks.

Multi-head Attention.

The multi-head attention mechanism relies on self-attention, where all of the keys,

values and queries come from the same place. The self-attention operates on a query Q,
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a key K and a value V :

Attention(Q,K,V ) = softmax(
QKT

√
d

)V (3.6)

where Q, K, and V are n× d matrices, n denotes the number of diagnoses in a visit in a

patient record, d denotes the embedding dimension.

The multi-head attention mechanism obtains h (i.e. one per head) different represen-

tations of (Q,K,V ), computes self-attention for each representation, and concatenates

the results. This can be expressed as follow:

headi = Attention(QWQ
i ,KWK

i ,V W V
i ) (3.7)

MultiHead(Q,K,V ) = Concat(head1, ..., headh)W
O (3.8)

where the projections are parameter matrices WQ
i ∈ Rd×dk ,WK

i ∈ Rd×dk ,W V
i ∈ Rd×dv

and WO ∈ Rhdv×d, dk = dv = d/h.

3.3.5 Prediction via Multi-task Learning

MTL is employed to jointly learn two prediction tasks for the final patient visit. Given

a patient’s record P = {V 1, V 2, . . . , V T−1}, we simultaneously predict future diagnosis

and hospital readmission.

Future Diagnosis Prediction.

This is a multi-class classification problem with the objective being to predict the prin-

cipal diagnosis code (the diagnosis code representing the main reason for hospitalisation)

in the last visit VT , which can be expressed as follows:

ŷD = Softmax(WDpD + bD), (3.9)

LD =
−1

T − 1

T−1∑
t=1

(
yD

T log ŷD + (1− yD)
T log (1− ŷD)

)
, (3.10)

where pD ∈ Rd is the output of the attention pooling layer followed by Transformer

to denote the representation of the patient record in the future diagnosis prediction task,
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and WD ∈ R|C|×d and bD ∈ R|C| are learnable parameters.

Hospital Readmission Prediction.

This is a binary classification problem to predict whether the patient’s final visit is

within 30 days of their previous hospital admission. The implementation is identical to

the future diagnosis prediction task, which can be expressed as follows:

ŷR = Softmax(W RpR + bR), (3.11)

LR =
−1

T − 1

T−1∑
t=1

(
yR

T log ŷR + (1− yR)
T log (1− ŷR)

)
, (3.12)

where vR ∈ Rd is the output of attention pooling layer followed by Transformer to

denote the representation of the patient record in the hospital readmission prediction task,

and WR ∈ R|C|×d and bR ∈ R|C| are the learnable parameters.

Objective Function.

To allow shared information between the two predictive tasks, we jointly train the

tasks using the weighted loss function below, where λ is a learnable parameter.

L = λ · LD + (1− λ) · LR. (3.13)

3.4 Experiments

3.4.1 Datasets

We conduct experiments on two public real-world health datasets, the MIMIC-III

(v1.4) [96] and MIMIC-IV (v0.4) [94] datasets. Given these datasets are widely used

for deep learning EHR studies, we do not explain them in detail and instead refer readers

to the official sources for comprehensive information on these datasets [96, 94].
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Table 3.2 : Statistics of the MIMIC datasets for the two cancer cohorts.

Dataset MIMIC-III MIMIC-IV
# of patients 2,070 20,953
# of visits 5,552 79,177
Avg. # of visits per patient 2.68 3.78

# of unique ICD-9 codes 3,228 6,939
Avg. # of ICD-9 codes per visit 13.67 13.47
Max # of ICD-9 codes per visit 39 57

# of CCS categories 166 270

3.4.2 Data Preprocessing

Cancer Cohort Selection.

Patients were included in analysis if they had at least one cancer-related ICD-9 di-

agnosis code (140-239) (as used elsewhere [197]). Patients with less than 2 visits were

excluded and only the most recent 21 visits were used where applicable. All diagnosis

codes were mapped to ICD-9 codes, as this is the common classification among MIMIC-

III and IV [96, 95]. A summary of the statistical information for the final cancer cohorts

is included in Table 3.2.

Clinical Classifications Software (CCS) Mapping.

To reduce the number of diagnosis code categories (and hence dimensions) for model

training, we used the CCS categorisation scheme2 to group diagnosis codes into 285 mu-

tually exclusive categories and use these categories for the future diagnosis prediction

task. This scheme has been used elsewhere for similar applications [168, 169].

3.4.3 Experimental Setup

Baseline Approaches.

We compare the performance of our proposed model against three baselines: two com-

mon RNN-based approaches (RETAIN and Dipole) and a single-task transformer model.

2 https://www.hcup-us.ahrq.gov/toolssoftware/ccs/CCSUsersGuide.pdf
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RETAIN [41] uses a reversed RNN with attention to capture relationships between diag-

noses to perform heart failure prediction. Dipole [128] uses a bidirectional RNN and three

attention mechanisms (location-based, general, concatenation-based) to predict future di-

agnosis information. We used the location-based Dipole as the baseline method. STL

model is the proposed transformer model trained separately for single-task prediction.

Evaluation Metrics.

F1 score and AUC score are used as evaluation measures. F1 score is the harmonic

mean of precision and recall. An F1 score close to 1 indicates high precision and recall.

AUC score uses the Receiver Operating Characteristic (ROC) curve, which shows the

relationship between true and false positive rates. The AUC demonstrates how well a

model can distinguish between binary classes. An AUC score of 0.5 indicates a model no

better than chance, with 1 indicating a perfect model.

Implementation Details.

We implement all models with Pytorch 1.4.0 and run models on NVIDIA TITAN X

with 12GB RAM. For training, we use Adadelta [261], one of the most common optimis-

ers for developing prediction models with EHR data [30], including for training RETAIN

and Dipole models [41, 128]. Reflecting the differences in dataset and cohort size, and

to promote generalisation [100], we use a minibatch of 16 and 32 patients on MIMIC-

III and MIMIC-IV, respectively. These batch sizes are also in line with similar work on

multi-task learning with MIMIC-III data and transformers on EHR [79, 116].

We randomly split data into training, validation and test sets in ratios of 80%, 10% and

10%, respectively. The validation set is used to determine the best parameter values for

training , where MIMIC-III is trained for 20 iterations and MIMIC-IV for 10 iterations, to

balance computational efficiency with performance. Drop-out strategies are used for all

approaches, adopting the commonly used drop-out rate for transformers of 0.1 [232, 188].

We set the dimension d = 200, as moderate embedding dimensions are sufficient to

capture complex temporal dependencies [41, 119, 118, 218], and scale the transformer

architecture relative to the data complexity, using two transformer layers for the proposed

model and STL baseline for MIMIC-III, and three transformer layers for MIMIC-IV. All
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models were run three times to calculate the mean and standard deviation of performance

metrics.

3.4.4 Results

F1 Score for Two Prediction Tasks.

Table 3.3. shows the mean F1 scores and standard deviations of the TransMT model

compared with baselines for the predictive tasks in the two MIMIC datasets. The results

show that the proposed TransMT model outperforms all baselines on both MIMIC-III

and MIMIC-IV datasets. This demonstrates the benefits of MTL to jointly learn the fu-

ture diagnosis and hospital readmission prediction tasks. The results also show that the

single-task baseline (STL) outperformed the two RNN attention-based models, RETAIN

and Dipole, on both data sets, indicating the benefit of Transformers in modelling the

sequential relationships in EHR data.

Table 3.3 : Performance comparison of prediction tasks.

Dataset Model F1 Score (%)
Future diagnosis Hospital readmission

RETAIN 12.48 ± 2.35 9.65 ± 5.67
MIMIC-III Dipole 10.39 ± 0.49 19.14 ± 3.85

STL 16.19 ± 1.05 24.27 ± 4.46
TransMT 16.56 ± 1.34 24.70 ± 3.95

RETAIN 7.60 ± 0.54 35.12 ± 1.64
MIMIC-IV Dipole 6.99 ± 0.23 38.64 ± 6.03

STL 9.04 ± 0.19 38.97 ± 2.17
TransMT 9.19 ± 0.11 41.62 ± 2.26

AUC Score for Hospital Readmission Prediction.

Fig 3.2. depicts the AUC curve for all models on the hospital readmission task, show-

ing that TransMT outperforms baseline models in both MIMIC datasets. In contrast to

MIMIC-III data where all models show similar performance, the TransMT model out-

performs the best RNN baseline by almost 15% on MIMIC-IV data. This indicates the

benefit of TransMT for hospital readmission prediction, particularly with the larger and

more complex MIMIC-IV data.
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Figure 3.2 : AUC of hospital readmission on two datasets.

Relationship between Diagnosis and Readmission.

We also explored the relationship between future diagnosis and hospital readmission.

Table 3.4 shows the proportion of patients with the same principal diagnosis and CCS

category in their final visit compared with their previous visit, by hospital readmission

status. Patients who were readmitted within 30 days were more likely to have the same

diagnosis and CCS category in their final visit than those not readmitted within 30 days.

This suggests a relationship between the two prediction tasks, and supports the results

that the multi-task model produces better predictions.

Table 3.4 : Relationship between future diagnosis and readmission. Same diagnosis and
CCS category refers to the proportion the same as the patient’s previous visit.

Dataset Readmitted Same Diagnosis (%) Same CCS (%)
MIMIC-III Yes 17.76 25.68

No 8.28 15.14

MIMIC-IV Yes 3.94 6.71
No 2.97 5.44

3.5 Conclusion

In this chapter, we proposed the model TransMT, which captures sequential rela-

tionships between patient visits to predict future diagnosis and hospital readmission for

cancer patients. As demonstrated by the experimental results, TransMT produces bet-
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ter predictions than single-task and RNN-based approaches, indicating the potential for

transformer-based prediction models with EHR data to facilitate cancer-related research.

Given the MIMIC datasets only capture a subset of patients in EHRs, a future direction

of this work is to apply this model to other cancer datasets where patients with specific

cancers and treatments can be identified. Furthermore, this work only includes diagno-

sis codes as input to the model, and further work could include addition of other patient

information (e.g. medications and demographics) and use of more recent diagnostic clas-

sifications such as ICD-10. Finally, experimentation of MTL with other methods, such as

pretraining approaches, will help identify where MTL can be most useful in healthcare

applications to further improve the performance of risk prediction models.
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Chapter 4

Modelling Longitudinal Cancer Pathways in Claims Data
with Hierarchical Transformer

This chapter focuses on the problem of effectively modelling longitudinal cancer path-

ways within claims data using transformers. It investigates how to model the short- and

long-term relations within claims data while capturing the dynamic (temporal) and static

(demographic and cancer characteristics) patient features.
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4.1 Introduction

Anticipating likely outcomes for patients initiating chemotherapy is crucial for pro-

viding optimal cancer care. Chemotherapy is a frequently used cancer treatment and can

offer benefits such as lowering risk of cancer recurrence and improving survival outcomes

[58]. However, chemotherapy also contributes to the range of symptoms and side effects

patients often experience during treatment, such as complications and adverse events.

Two important considerations for cancer patients are likely survival outcomes and car-

diovascular (heart) disease risk. Existing research has indicated there are few tools for

mortality risk prior to chemotherapy and accurate predictions could be useful to clinicians

and patients to inform discussions and decisions [58]. In addition, evidence suggests that

patients may be at increased risk of cardiovascular diseases following cancer treatment,

and models to predict this risk are important for supporting treatment plans and preven-

tive interventions [9]. Prediction models also offer the potential to inform cancer-related

health policy through patient risk stratification.

Recent application of transformers on longitudinal health data have focused on BERT

[52], which has demonstrated capability in modelling temporal relations in patient med-
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ical codes (e.g., diagnoses, medications and procedures) and has outperformed other se-

quential methods such as RNNs [118, 119, 188]. However, existing research has primarily

focused on the use of EHR data, with only a limited number of applications to claims data

[263, 262]. This is critical due to the different temporal structure of claims data, which

does not naturally fall into a pattern of visits like EHR. Furthermore, there are still open

questions on how to best encode the structure of medical data and collectively model it in

BERT-based approaches [188, 262].

In addition to the above, there is a growing trend of leveraging patient information

outside of medical codes for developing health-specific transformer-based models. This

has largely included patient demographic information, such as age and gender, and some

clinical features (e.g., lab tests) [83, 142, 116, 66]. While there is evidence to suggest

inclusion of additional patient features by multimodal learning offers improvements for

model predictions, many existing approaches do not evaluate the benefit of including such

information, and often only incorporate a small number of features. Further exploration

and evaluation of patient features with transformer-based models are required.

To address these challenges, we propose a hierarchical Multi-Level Transformer that

leverages Claims data (Claims-MLT) and information from a cancer registry to pre-

dict outcomes for breast and colorectal cancer patients. We evaluate our approach on

a real-world cancer dataset from Australia and demonstrate the benefit of our approach

compared to baselines. To summarise, the main contributions of this work are:

• An end-to-end multi-level transformer that is tailored to claims data and predicts

survival and heart disease diagnosis for cancer patients at the point of chemotherapy

initiation.

• We propose the use of a dual feature encoder block, where each block consists of

a transformer encoder and attention pooling, to learn hierarchical context-aware

vector representations for low-level claims item relationships within a month and

patient-level relationships from sequential claims patterns.

• Fusion of patient features from a cancer registry with the patients’ claim representa-

tion, to capture the important static demographic and clinical information at cancer
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diagnosis.

• An experimental study on real-world cancer data, demonstrating Claims-MLT out-

performs all comparative methods.

This is, to the best of our knowledge, the first transformer-based model to predict cancer

outcomes using temporal claims and static patient demographic and clinical data. The

remainder of this chapter is organised as follows: Section 4.2 briefly reviews the related

work on transformers for EHR and claims data. Section 4.3 presents the model frame-

work and approach. Section 4.4 describes the data and experimental results. Section 4.5

concludes the chapter.

4.2 Related Work

Transformer-based Models for EHR and Claims Data

Compared to the vast development of successful BERT-based approaches on EHR data

[119, 188, 163, 199, 116], there has been substantially less application to claims data. Of

the claims-based transformers, the most relevant to this study are Claim-PT [263] and

TMAE [262]. Developed by the same authors, these approaches obtain medical visit

representations using a max-pooling layer to capture the most important features. The

pooled outputs are then fed into a Transformer encoder to provide a patient representation,

which is then used for prediction tasks, such as the survival and asthma exacerbation

predictions with Claim-PT.

While the above applications to claims data demonstrate the superiority of the trans-

former compared to RNN models, we note a number of existing limitations and chal-

lenges. First, as indicated earlier, approaches need to consider the differing temporal

structure of claims data compared to EHR, and it is unclear how to develop an optimal

data representation for claims data. Claim-PT and TMAE define medical visits as a claim

type (inpatient, outpatient, pharmacy) comprised of medical codes, and appear to aggre-

gate medical visits by service date. However, this separates healthcare services that may

occur closely in time. Approaches using time windows to split patient sequences are com-

mon for deep learning in healthcare [151], and use of longer time periods (i.e., month)
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has demonstrated benefits in predicting patient outcomes [146]. Second, attention pool-

ing may be a more appropriate pooling approach for maintaining important features than

max-pooling [59]. Third, like other EHR models (i.e., BEHRT, Med-BERT), Claim-PT

and TMAE employ only a single Transformer encoder to learn the relationships between

medical information.

The hierarchical BEHRT model Hi-BEHRT [118] has demonstrated benefits in using

a two-level transformer to capture associations in longer patient EHR sequences. Our

approach leverages the ideas of attention pooling and hierarchical transformers to en-

hance claims data modelling. We also represent a patient’s claim history as a sequence

of months to model clinical events in close proximity while maintaining temporal infor-

mation. This can be thought of as providing both a micro (visit level) and macro (patient

level) perspective of patient pathways.

Transformers with Additional Patient Information

This work also relates to transformer models that have integrated additional patient

features such as demographics into predictions. [83] evaluated several data types for

predicting recurrence of colorectal cancer, including tabular (demographics, tumour char-

acteristics, and treatment parameters) and time-series (test results) data. They found the

use of multiple data types offered improved model performance, however, did not include

medical codes as features. [142] proposed a transformer model to predict depression for

patients with breast cancer. This model included medical codes, patient age and gen-

der, and clinical notes, however, only clinical notes were evaluated in terms of impact

on predictions. [116] included age, gender, medications, clinical measures, and location

information in their ExMed-BERT model.

Other work has also explored inclusion of demographics such as age and gender, pa-

tient geographical information, and/or temporal observations (lab tests, vitals), in addition

to medical codes [66, 242]. Much of this work, however, fails to evaluate the impact of

the additional patient features, making their benefit to model performance unclear. In this

work, we provide an ablation study to determine the effect of patient demographic and

clinical information in predicting cancer outcomes.

69



4.3 Methodology

This section describes the methodology of the proposed approach. It firstly provides

an overview of the model and then details the individual model components.

4.3.1 Model Overview

An overview of the proposed Claims-MLT model is shown in Fig 4.1, which is trained

end-to-end and can be viewed as four parts. In the first part, the claims input embedding,

an embedding layer is used to encode all claims items to dense numerical vectors. Next,

sequences of claims items within a month travel through a feature encoder block, which

contains a transformer encoder (based on BERT) and attention pooling. The output of the

transformer encoder is a hidden vector for each claims item in the input sequence, which

are then compressed via the attention pooling layer into a fixed context-aware represen-

tation for each month. To differentiate between months of claims data for each patient,

position embeddings are added to the month representations, and a second feature en-

coder block is used to learn a fixed-size representation of a patient’s claim history. Static

patient features are then fused with the patient claims representation to provide key de-

mographic and cancer clinical information, which forms the final patient representation.

Finally, fully connected and sigmoid layers enable the cancer outcome prediction tasks,

which are binary classification tasks and trained independently.

4.3.2 Claims Item Embedding

A patient’s claims history can be represented as a sequence of months [M1,M2,

. . . ,MT ] where T is the number of months in the patient’s history and each month is

temporally related. A month M t contains a subset of claims codes X = [x1,x2, ...,xn],

where n is the number of unique claims codes in the dataset, and includes medical ser-

vices, prescriptions, and diagnoses, and xi is a one-hot vector of dimension size n. An

embedding layer transforms discrete claims in X to low-dimensional dense vector repre-

sentations E = [e1, e2, ..., en]. This can be formally written as E = W (e)X , where the

claim code embedding weight matrix W (e) is fine-tuned during training.
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Figure 4.1 : The proposed Claims-MLT model.
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4.3.3 Feature Encoder Block

To capture the inherent dependencies between claims items in patient histories, we

adopt a multi-level Transformer. This includes dual feature encoder blocks, which each

contain a Transformer encoder and attention pooling.

Transformer Encoder.

We leverage the successful BERT [52] model for implementing the Transformer en-

coder, which contains two sub-layers: a multi-head attention mechanism, which relies on

self-attention, and a position-wise fully connected feed-forward network. Residual con-

nections and layer normalisation surround each sub-layer. We refer readers to the original

papers on BERT [52] and the Transformer [232] for additional detail.

To capture the sequential context, the Transformer encoder takes as input sequences

of items and outputs a hidden vector for each input. In the first feature encoder block,

sequences of claims items within a month serve as input. Similar to the original BERT,

we use a [CLS] token at the beginning of each sequence and [SEP] tokens after each

type of claims data. Not every month contains all types of claims data, hence a sequence

can contain one or more claims data types. Due to no strict ordering of diagnosis codes

within a hospital visit, and the presence of medical services and prescriptions occurring

on the same date, we do not use position embeddings for claims items within a monthly

sequence. We represent the output of the Transformer encoder for sequences of claims

items as:

[h1,h2, . . . ,hk] = TransformerEnc([e1, e2 . . . , ek]) (4.1)

where k is the number of claims items in a month, and hi(1 ≤ i ≤ k) represents the

hidden vector of the i-th claims item in the sequence.

Attention Pooling.

Attention pooling compresses a set of inputs into a fixed vector representation, re-

taining the most important information during pooling to capture the input context [59].

For claims items within a month sequence, we take the hidden representation output
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H t = [ht
1,h

t
2, . . . ,h

t
k] of the t-th month as an example:

g(ht
i) = wTσ(W (1)ht

i + b(1)) + b, (4.2)

where ht
i (1 ≤ i ≤ k) is the i-th row of H t, σ is ReLU function and w, W (1), b(1), b are

learnable parameters. The probability distribution can be represented as:

αt = softmax([g(ht
i)]

k
i=1). (4.3)

The final output mt of the attention pooling is the weighted average of sampling a

claims item based on its contribution to the input sequence, i.e.,

mt =
k∑

i=1

αt ⊙ [ht
i]
k
i=1, (4.4)

where mt ∈ Rd (1 ≤ t ≤ T ) represents the t-th month in the patient claims his-

tory, which in the low-dimensional dense vector representations is denoted as M =

[m1, . . . ,mt, . . . ,mT ].

4.3.4 Patient Representation

The patient representation aims to capture the temporal relationships in a patient’s

claim history and fuse the output with additional features to include demographic and

clinical information. This involves the use of position encoding, a second feature encoder

bock and fusion of static patient features as described below.

Position Encoding.

Position encoding incorporates information on the order of each month in a patient’s

claim history. A position embedding matrix Pe, which embeds each temporal position,

is fused with the patient claims history using an Addition and Normalisation layer. The

updated vector representation is denoted as:

J = LayerNorm(M + Pe). (4.5)
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Second Feature Encoder Block.

The updated vector representations containing position information are used as input

to the second feature encoder block. This is equivalent to the process described above,

in which the Transformer encoder outputs hidden vector representations of the inputs,

i.e., [o1,o2, . . . ,ok] = TransformerEnc([j1, j2 . . . , jk], and attention pooling is used

to obtain a fixed-length vector representation for the patient’s claim history. This can

be represented as O = AttentionPooling([o1,o2 . . . ,ok]), where O signifies the

pooled patient claims history representation that captures relationships in cancer and other

healthcare activities over time (i.e., between months).

Static Patient Features.

We extract tabular static patient features to include demographics and clinical infor-

mation in the proposed model. We leverage features primarily from the cancer registry,

which includes information relevant to cancer diagnosis, and is therefore important in

cancer care and population analysis. To transform the static features into the same dimen-

sion as the patient claim representation, we pass the static features through a two-layer

neural network, with ReLU activation function after each layer. The output is then fused

with the patient’s claim history to provide the final patient representation, merging tem-

poral healthcare activities with important static demographic and cancer-related features.

The final patient representation used for predictions, where S represents the static patient

features, is denoted as:

R = O + S. (4.6)

4.3.5 Cancer Outcome Prediction

Given a patient’s final representation R, the multi-level Transformer is trained end-

to-end to learn the survival and heart disease prediction tasks independently.

Survival Prediction.

The objective of this task is to predict patient mortality/death within one year (365

days) of chemotherapy initiation, determined using time between death date and chemother-
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apy initiation date. If no death date is present, a patient is considered to have survived the

study period.

Heart Disease Prediction.

The objective of this task is to predict whether a patient will have a heart disease

diagnosis recorded in hospital within one year (365 days) of chemotherapy initiation,

determined using time between hospital admission date and chemotherapy initiation date.

Heart disease-related admissions were identified using the following ICD-10 codes (I10-

I11, I13, I15, I20-I25, I27, I34-I36, I42, I482, I50, U821-823).

Both prediction tasks are binary classification tasks, with average cross-entropy loss com-

puted as follows:

LR = − 1

N

N∑
t=1

(
yR

T log ŷR + (1− yR)
T log (1− ŷR)

)
, (4.7)

where N is the number of data points and yR is the ground truth of the prediction task (i.e.

survival or heart disease diagnosis) and takes the value 0 or 1, and ŷR is the probability

for the N data point.

4.4 Experiments

In this section, we introduce the cancer dataset and describe the data preparation and

cancer cohort criteria. We then present the experimental setup and results.

4.4.1 Dataset

We conduct experiments on a real-world cancer dataset that contains data on indi-

viduals diagnosed with breast and/or colorectal cancer (ICD-10 codes C50 and C18-21,

respectively) in Victoria, Australia, between 2008 and 20191. The data contains linked

Commonwealth and Victorian state datasets including the MBS, PBS, Victorian Admit-

ted Episodes Dataset, and Victorian Cancer Registry, which captures patient-level medical

1 Use of the data has approval from the Australian Institute of Health and Welfare Ethics Committee
(EO2015/4/219).
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services, medicine prescriptions, hospital diagnoses, and demographics and clinical infor-

mation, respectively.

4.4.2 Data Preparation

Claims Data.

Claims data from 1 July 2012 onwards was included for analysis2 and prepared as

follows:

• MBS items were mapped to current items using publicly available mapping data3.

Bulk-billing incentive and modifier items were excluded from analysis. MBS sub-

group codes were used to reduce the number of categories. The number of services

was derived by summing each patient’s service count by subgroup code and date of

service. Services with a sum of zero or less were excluded.

• PBS items were mapped to chemical substance Anatomical Therapeutic Chemical

(ATC) fifth level (i.e., ATC5) codes, with items unable to be mapped excluded from

analysis.

• Diagnosis codes from hospital admissions were refined to three-digit codes to re-

duce the number of categories. Diagnoses in the same hospital visit (identified

using admission date and maximum separation date) were combined. Admissions

without corresponding diagnosis information were excluded from analysis.

• MBS subgroup, ATC codes, and diagnoses were aggregated by month and com-

bined to produce the input data. To reduce the length of the input sequences, only

the first code was kept for claims items that appeared multiple times in the same

month.

2 From this date there was increased capture of medicine dispensing in the PBS through inclusion of
under co-payment data and chemotherapy medicines supplied in public and private hospitals as part of
the Efficient Funding of Chemotherapy arrangements [140]. For consistency, this date range was also
used for MBS and hospital admission data.

3 http://www.mbsonline.gov.au/
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Cancer Registry Data.

A summary of the static patient features included from the cancer registry data can be

found in Table 4.1. Data was one-hot encoded prior to use in the analysis pipeline.

Table 4.1 : Patient static features.

Feature Description
Age Age group at diagnosis (<40, 10-year age groups to 90+).
Gender As recorded in the cancer registry at diagnosis.
Tumour grade Describes grade of tumour and level of differentiation.
Cancer stage Derived cancer stage (stage I – IV, or missing). Later stage

cancers are more advanced.
Region Victorian region where the patient usually resided at diagnosis.
SEIFA quintile Quintile of Patient Socio-Economic Indexes for Areas (SEIFA).

Index of Relative Socioeconomic Disadvantage (IRSD) based on
usual residence at diagnosis.

Screen detected Whether the cancer was detected through national cancer
screening programs. Only partial data for colorectal cancer.
Does not include cancers diagnosed in private or other screening.
Missing data filled with integer.

Country of birth Born in Australia, overseas, or unallocated.
Diagnosis year Calendar year of cancer diagnosis.

4.4.3 Cohort Definitions

Patients with breast and/or colorectal cancer between 1 July 2008 and 31 December

2019 formed the basis of the cancer cohort. Following exclusions4, chemotherapy initia-

tion date was identified using a patient’s first supply of an antineoplastic agent (ATC code

L01). Cohorts were split by cancer types and prediction tasks. Patients with a death date

within the study period were excluded from the heart disease diagnosis task but included

in survival predictions. Table 4.2 provides the summary statistics of the cancer cohorts

for the prediction tasks.

4 The following exclusions applied: individuals with linkage errors or data quality issues (defined as
identifiers linked to multiple dates of birth); records where a cancer diagnosis was reported by death
certificate only; secondary cancer diagnoses; and cancer diagnoses prior to 1 July 2012 (for consis-
tency with claims data). Patients who did not initiate chemotherapy or had a death date on or prior to
chemotherapy initiation were excluded.
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Table 4.2 : Statistics of the cancer data

Survival Heart Disease
Detail Breast Colorectal Breast Colorectal
# of unique patients 15,211 10,746 13,759 8,709
# of unique medical services 250 233 230 217
# of unique prescriptions 663 690 646 658
# of unique diagnoses 1249 1271 1203 1200
Total # of unique claims codes 2162 2194 2079 2075
Proportion positive class 0.032 0.128 0.168 0.332

4.4.4 Experimental Setup

Baselines.

We compare our proposed model to the following baselines:

• Single level Transformer (Claims-SLT). This is equivalent to Claims-MLT but

does not include the transformer encoder in the first feature encoder block. It uses

only attention pooling on the embedded claims inputs to obtain month represen-

tations. This is similar to the existing single-level transformer encoders used for

claims [263] and EHR data [119, 118].

• Shallow machine learning models. We use the Decision Tree (DT) and Random

Forest (RF) for shallow machine learning approaches, as they have been frequently

used for predicting cancer-related outcomes, including survival [253, 265, 98], can-

cer prognosis and prediction [249, 135], and treatment outcomes [43]. These mod-

els are trained on claims items and static patient features, however do not consider

the temporal relationships between claims items. For these approaches, claims data

is transformed to a single vector of size n (number of unique claims codes in the

dataset), with values being 1 if a claims item is present in the patient’s claim his-

tory, else 0. This approach has been leveraged previously for comparison between

deep learning and shallow machine learning approaches in health-related predic-

tions [116]. The claims data is then concatenated with the static patient features.
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• Claims- and static-only models. To investigate the impact of static patient infor-

mation, we also implement a claims-only multi-level Transformer (Claims-only-

MLT) and claims- and static-only DT models.

Evaluation Metrics.

The following performance metrics are recorded for models: precision, recall, F1

score, and accuracy. We use the F1 score as the primary evaluation measure. The F1

score is the harmonic mean of precision and recall, where precision equals true positives

/ (true positives+false positives); and recall equals true positives / (true positives+false

negatives).

Implementation Detail.

We implement all coding and analysis pipelines with Python 3.7.6 and run models on

an Intel(R) Xeon(R) CPU E5-4650 v2 @ 2.40GHz with 65GB RAM and 16 CPUs. We

use Pytorch 1.10.2+cu102 for transformer models and Scikit-learn is used for the training

of DT and RF models. For model training, we randomly split data into training, validation,

and test sets in ratios of 80%, 10% and 10% respectively. To avoid data leakage, only

data in the months prior to the chemotherapy initiation date was used as input for model

training. The input data was also limited to the most recent 18 months of claims data

for each patient, to enhance computational efficiency and avoid overemphasis on distant

non-cancer historical information. We use up-sampling of the minority (positive) class to

obtain balanced training sets. For RF models, we set the number of trees to 40 for model

training. All models were run three times to calculate mean and standard deviation of

performance metrics on the test set. For reproducibility, seeds 7, 32, and 42 were used for

experiments.

For transformer models, we follow our previous work [72] and similar studies [128,

41] using Adadelta [261] for gradient descent optimisation. We use a minibatch of 32 pa-

tients and a learning rate of 0.01, with experimentation also performed with various batch

sizes (4, 32, 256), learning rates (0.0001, 0.001, 0.01, 0.1), and optimisation methods

(Adam, Adadelta), selecting parameters based on F1 scores from the validation dataset.

We use a hidden dimension of 128, consistent with use of small dimension sizes for trans-
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former models on EHR [72, 119, 188, 118]. For each Transformer encoder, we used two

stacked encoder layers (as used in previous work [72]) with 4 attention heads, to reduce

complexity due to computational limitations. To avoid overfitting, drop-out strategies are

used for all approaches (dropout rate = 0.1).

4.4.5 Results

Survival Prediction Results.

To evaluate the proposed model on survival prediction, we compare performance met-

rics in mean and standard deviation (in brackets) against the baselines (Table 4.3). As

demonstrated by the F1 scores, the proposed Claims-MLT model outperforms shallow

machine learning approaches (i.e., DT and RF) and the single-level transformer model

(Claims-SLT). This indicates the benefits of Claims-MLT to model temporal claims data

leveraging dual Transformer encoder blocks.

We also observe that the way in which claims items in patient histories are represented

is critical for deep learning models, as the Claims-SLT model is also outperformed by the

DT in predicting survival for colorectal cancer.

Finally, while we note the higher accuracy scores of the shallow machine learning

approaches, the imbalanced data makes this an improper measure of model performance

[256]. The class imbalance also contributes to the difficulty of the prediction task, and

exploration of approaches to deal with imbalanced data, or small datasets (such as trans-

fer learning), may offer improvements. Further work training the survival model on the

total cancer cohort rather than only those that undergo chemotherapy could also improve

predictions.

Heart Disease Prediction Results.

We also compare model performance of Claims-MLT with baselines for the heart

disease prediction task (Table 4.4). Like the survival task, Claims-MLT provides better

predictions than shallow machine learning and single-level transformer baselines. This

further supports the advantages of leveraging month- and patient-level claims item rela-

tionships with dual Transformer encoders for predicting cancer outcomes.
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Table 4.3 : Model performance for survival prediction.

Precision Recall F1 Accuracy
Breast Cancer
Claims-MLT 0.120 (0.015) 0.583 (0.021) 0.208 (0.019) 0.858 (0.019)
Claims-SLT 0.119 (0.008) 0.604 (0.042) 0.199 (0.013) 0.845 (0.006)
DT 0.167 (0.014) 0.208 (0.021) 0.185 (0.017) 0.942 (0.001)
RF 0.333 (0.577) 0.007 (0.012) 0.014 (0.024) 0.968 (0.001)

Colorectal Cancer
Claims-MLT 0.234 (0.054) 0.587 (0.081) 0.329 (0.045) 0.680 (0.115)
Claims-SLT 0.210 (0.028) 0.681 (0.099) 0.319 (0.030) 0.624 (0.067)
DT 0.300 (0.020) 0.346 (0.044) 0.321 (0.031) 0.813 (0.003)
RF 0.618 (0.071) 0.097 (0.008) 0.168 (0.014) 0.876 (0.003)

Compared to survival prediction, we see better model performance (in terms of F1

scores) for the heart disease task, indicating the cancer data may be better suited for

prediction of future disease. This may be due to the historical patient context available

within claims data, including past diagnoses and medications that may be related to car-

diovascular or other associated conditions. Given the noted link between cancer treat-

ment and future heart disease [9], this finding may be relevant for the development of

cardiovascular-specific risk prediction models for cancer patients.

Table 4.4 : Model performance for heart disease prediction.

Precision Recall F1 Accuracy
Breast Cancer
Claims-MLT 0.474 (0.012) 0.807 (0.020) 0.597 (0.004) 0.816 (0.008)
Claims-SLT 0.463 (0.006) 0.815 (0.021) 0.591 (0.002) 0.810 (0.004)
DT 0.437 (0.010) 0.476 (0.018) 0.456 (0.009) 0.808 (0.005)
RF 0.668 (0.034) 0.368 (0.028) 0.474 (0.030) 0.862 (0.007)

Colorectal Cancer
Claims-MLT 0.600 (0.014) 0.746 (0.004) 0.666 (0.007) 0.750 (0.009)
Claims-SLT 0.600 (0.016) 0.762 (0.036) 0.656 (0.007) 0.747 (0.007)
DT 0.554 (0.020) 0.564 (0.009) 0.559 (0.015) 0.703 (0.013)
RF 0.712 (0.016) 0.642 (0.043) 0.658 (0.005) 0.788 (0.006)
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Effect of Static Patient Information.

To explore the impact of patient demographic and clinical information, we conduct an

ablation study and compare performance metrics for models with claims- and static-only

data (Fig 4.2). When comparing the claims-only transformer to Claims-MLT, we find

inclusion of static patient information provides better model performance for both tasks

and cancer types.

Similar results are also seen across cancers in the survival task for DT models. How-

ever, for the heart disease prediction task, the DT model with claims and static patient

information outperforms the claims-only DT for colorectal cancer, but not breast cancer.

This difference from the transformer models may reflect the distinct static feature inte-

gration approaches, where fusion is used for Claims-MLT compared to the concatenation

approach for DTs.

The result could also be due to cancer-specific differences in prediction labels for the

patient demographic and clinical features. For example, colorectal cancer has a higher

proportion of patients with a future heart disease diagnosis for all age groups and cancer

stages, and hence these features may be less useful in making predictions for breast cancer

patients with the DT. Future work exploring individual demographic and clinical features

would be helpful to further understand their impacts on performance, however we note the

broad benefit of including these static patient features, particularly with the Transformer

model.
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Figure 4.2 : Impact of static patient features on model performance (F1 scores) for breast
cancer (light blue) and colorectal cancer (dark blue) on a) survival and b) heart disease di-
agnosis prediction. Results from left to right in each figure include Claims-MLT, Claims-
only MLT, DT, DT (claims only) and DT (static only). Error bars shown for F1 scores.
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4.5 Conclusion

In this chapter, we present a multi-level transformer designed to model complex rela-

tionships between claims data and integrate additional demographic and clinical features

to predict cancer outcomes. Compared to a single-level transformer and traditional ma-

chine learning approaches, results indicate the proposed approach provides improved sur-

vival and heart disease diagnosis predictions for breast and colorectal cancer patients ini-

tiating chemotherapy. There are several avenues for future research, including alternative

claims data processing approaches, consideration of machine learning techniques such as

transfer learning to further leverage claims item relationships, additional exploration of

patient features, and expansion of models to alternative data and prediction tasks. This

work demonstrates the potential of leveraging patients’ claim histories and static features

with transformers to predict cancer outcomes, and offers future opportunities to improve

predictive models for cancer, and more broadly in healthcare.
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Chapter 5

Pretrained Transformer for Claims Data to Predict
Chronic Conditions for Cancer Patients with Limited

Data

This chapter focuses on the problem of predicting outcomes for cancer patients with lim-

ited data or labels. It investigates the benefits of transfer learning and pretrained trans-

formers in the prediction of chronic conditions for those with cancer or mental health

conditions using claims data, which does not contain comprehensive diagnostic informa-

tion.
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5.1 Introduction

Chronic conditions can substantially influence health outcomes and are thus critical

considerations in policy-making, clinical decisions, and research studies. For example,

chronic condition status can affect eligibility or recommendation for healthcare services

such as COVID-19 vaccines1, affect survival outcomes for those with cancer or mental

health conditions [113, 137], and help control for confounding factors in health research

[26]. Therefore, understanding chronic condition status is essential for optimising popu-

lation health outcomes and advancing research studies.

While some health data sources, such as hospital records, contain diagnoses, admin-

istrative claims data in Australia, including the MBS and PBS, does not have diagnostic

information. Consequently, this data must be linked with other sources to obtain diag-

noses. The complex governance structures involved in linking such data often results in

1 https://immunisationhandbook.health.gov.au/resources/tables/table-conditions-for-which-covid-19-
vaccination-can-be-considered
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incomplete condition information for the population [228], leading to data and label in-

sufficiencies. This is a common issue in healthcare due to data and privacy protections

[124], the need for expert domain knowledge [245], and the time-consuming nature of

data labelling [246]. Transfer learning has emerged as a promising approach to address

the data and label insufficiency problems. This method involves a two-stage process. The

first stage is pretraining on a large, general dataset to obtain a model that captures the

underlying structure of the data [78, 188]. In the second stage, this pretrained model is

fine-tuned on specific tasks with smaller, labelled datasets [270].

In recent years, pretraining has been widely adopted in natural language processing,

primarily using the Transformer [232] architecture (e.g., BERT [52] and GPT [179]).

These models have since been adapted for healthcare data, to model longitudinal patient

trajectories [167, 166, 169, 168], improve predictions for cancer and mental health pop-

ulations [70, 72, 142], and develop pretrained models [119, 188, 199]. However, most

existing applications have focused on EHR data, not claims data, which is arguably an

ideal data source for transfer learning due to its near population-level coverage. Addition-

ally, existing methods lack comprehensiveness as they often rely solely on BERT-based

approaches, single pretraining strategies, or limited downstream tasks.

To address the aforementioned challenges, we propose the Claimsformer, a trans-

former tailored for administrative Claims data, to learn generalised patterns and rela-

tionships from Australian medical services and prescriptions. To summarise, the main

contributions of this work are:

• A comprehensive investigation into pretraining on claims data, which, to the best

of our knowledge, is the first application and proof-of-concept demonstration of

pretrained transformers on Australian claims histories.

• Evaluation of five pretraining strategies on multimorbidity prediction, to identify

the optimal pretraining strategy for the Claimsformer model.

• An experimental study demonstrating the effectiveness of the Claimsformer in pre-

dicting chronic conditions for two cohorts: cancer and mental health.

The remainder of this chapter is organised as follows: Section 5.2 briefly reviews the
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related work on pretrained Transformers for EHR and claims data. Section 5.3 presents

the model detail. Section 5.4 describes the data and experimental results. Section 5.5

concludes the chapter.

5.2 Related Work

Pretrained Models for EHR and Claims Data

While there has been recent growth in the number of pretrained models for longi-

tudinal health data, these have primarily targeted EHR data [119, 188, 118, 199, 240],

with claims data receiving less attention. In addition, existing approaches have primar-

ily focused on the BERT-based pretraining objective of MLM, tending not to evaluate

other pretraining strategies. Applications to claims data include those by Prakash et al.

[176] who developed RareBERT, an enhancement of Med-BERT to detect rare diseases

from claims data, and ExMed-BERT, by Lentzen at al. [116], who also extended Med-

BERT by pretraining on an EHR and insurance claim dataset. While these existing studies

highlight the potential of transformer-based models for claims data, they only use a lim-

ited number of downstream tasks to validate the benefit of pretraining, failing to assess

broader generalisability. Furthermore, they implement a limited number of pretraining

strategies, leaving the optimal approach for claims data unclear. This motivates the ex-

ploration of different pretraining strategies and fine-tuning on several downstream tasks

in this research.

5.3 Methodology

5.3.1 Model Overview

An overview of the proposed Claimsformer is shown in Fig 5.1. It consists of a

two-stage transfer learning approach: pretraining and fine-tuning, which both follow the

Transformer model architecture. In the pretraining stage, the embedded claims inputs

travel through the transformer block. We implement a number of pretraining strategies to

identify the optimal approach for learning generalised knowledge in claims histories. In

the fine-tuning stage, the pretrained Claimsformer is used to predict several chronic con-

ditions for cancer and mental health cohorts with limited labelled data. All fine-tuning
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tasks are trained independently by adding a task-specific prediction head, initialising with

the parameters from pretraining, and optimising all parameters end-to-end.
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Figure 5.1 : The proposed Claimsformer model.

5.3.2 Input Embedding

Inspired by BEHRT [119], we prepare the data similarly to this model. However un-

like EHR data, which can be split into a series of hospital visits, claims data cannot be

logically separated in this way. We therefore group claims items into calendar months.

This allows for flexibility during short timeframes (i.e., within months), where the spe-

cific date (or order) of a claim is less relevant, while still capturing temporal relations

over longer timeframes (i.e., between months), which may be indicative of persistent or

progressive healthcare intervention related to cancer or other chronic condition.

We denote the set of unique items from the claims data as C = [c0, c1, . . . , cn], where

ci represents the i-th claims item and n is the number of unique claims items. A person’s

claims sequence is represented as X = [M0,M1, . . . ,MT ], where M j is the j-th month

and T is the total number of months ordered in time. Each month M j contains a list of

claims items from C which can include medical services, medication prescriptions, or
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both. This is represented as M j = [cj0, c
j
1, . . . , c

j
k], where k is the number of claims items

in the month.

To ensure all claims sequences are the same length, we pad inputs on the right using

the [PAD] token, based on persons with max k (in each month) and T . Like BEHRT

[119], we include the [CLS] token to indicate the beginning of the person sequence and

the [SEP] token to separate the months. The person claims sequence thus becomes X

= [CLS, M0, SEP, M1, . . . , MT , SEP], which can also be considered the person claims

history and is depicted in Fig 5.2.

An embedding layer transforms the person claims sequence X to a low-dimensional

dense vector representation of dimension d. As shown in Fig 5.2, we also include infor-

mation on position and segment to capture the temporal and alternating month relations.

The final embedding E is a sum of the three embeddings as depicted below:

E = LayerNorm(Xe + Pe + Se), (5.1)

where Xe, Pe and Se are the respective claims item, position, and segment embeddings

for a person’s claims history.
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[CLS] MBS PBS [SEP] MBS PBS [SEP]Input: MBS PBS MBS PBS [SEP]

M1
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0 𝑐2

0 [SEP] 𝑐0
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2 [SEP]
Person claims 
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+ + + + + + + + + + + +
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Services (MBS)

Medication 
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Segment (S):
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Figure 5.2 : Input from a hypothetical person showing how the Claimsformer model sees
the claims data.
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5.3.3 Transformer Block

As in our previous work [70], we leverage the Transformer to capture the temporal

dependencies within person claims histories. This includes its two sublayers of 1) multi-

head attention and 2) a position-wise fully connected feed-forward network. However, we

include layer normalisation and residual connections at the beginning of each sublayer (as

done in GPT-2 [180]), given the demonstrated benefits in stabilising training and support-

ing deep models [248, 237]. We further follow the architecture of GPT [179] and GPT-2

[180], by applying 12 x transformer blocks (see Fig 5.1). The summed input embedding

serves as input to the transformer block, which outputs a hidden representation for each

input. This representation relies on the self-attention mechanism to capture the context

of the input within the claims history. This can be represented for the claims items as

follows:

[h1, h2, . . . , ht] = Transformer block([e1, e2, . . . , et]), (5.2)

where ei(1 ≤ i ≤ t) denotes the claims item embeddings, hi(1 ≤ i ≤ t) represents the

hidden vectors of the claims items, and t is the number of claims items in the person’s

claims history. As the transformer is now a well-established deep learning model, we

refer the reader to the original Transformer [232], and GPT [179, 180] papers for more

information.

5.3.4 Model Pretraining

We detail below the pretraining objectives to learn the general relations in claims data.

Objective 1: Masked Claims Modelling.

The purpose of Masked Claims Modelling (MCM) is to predict the masked claims

items based on the surrounding context (i.e., the person’s claim sequence). For month

M j , this can be thought of as M j = [cj0, c
j
1, . . . , [MASK], cjk], where implementation of

the [MASK] token and training is based on the BERT [52] MLM task, which has been

successful for pretrained models such as BEHRT [119] and Med-BERT [188]. In contrast

to BERT which uses sentence pairs as input, we follow the approach commonly used for

EHR data [119, 188, 199] and provide the entire person’s sequence as input, allowing the
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transformer access to all of a person’s claims history for bidirectional context. We mask

a maximum of 20 items per sequence (i.e., claims history).

Objective 2: Future Claims Items Prediction.

The objective of this task is to predict the future claims items based on the preceding

context. This approach leverages masked self-attention (from GPT models [179, 180]),

restricting the model to attend only to past claims items. Unlike GPT, we do not make

predictions in an autoregressive fashion, instead the model uses the representation of the

[CLS] token to predict the probability distribution of all claims items being a future item.

We explore two scenarios for the future claims items prediction objective:

• Last Month Prediction (LMP): predict the claims items in the last month of the

person’s claims sequence based on all previous months, i.e., input X = [M0,M1,

. . . ,MT−1], and ground truth MT .

• Next Month Prediction (NMP): predict the claims items in the next month of

the person’s claims sequence, where the claims history is split into months, i.e.,

{[M0], [M0,M1], . . . , [M0:T−1]}, and predictions are made sequentially for M1:T .

Objective 3: Age Prediction.

We include age prediction as an auxillary task for pretraining, where the objective is to

predict a person’s age group based on their claims history. Given the link between age and

chronic condition prevalence [136], we hypothesised that jointly learning claims and age

relations could provide additional context for predicting conditions. For this objective,

we process the age feature into 5-year categories until 85 years or older who are grouped

together into the same category (e.g., 65-69, ..., 85+).

We choose to implement this as a pretraining objective rather than provide age as input

to the model (as has been done for EHR [119, 199]), as data must be sufficiently longi-

tudinal for age to change. Inclusion as an input feature may be worthwhile if including

several years of claims histories, which is an area for future work. Similar to the future

claims items prediction task, this objective uses the [CLS] token as the representation of

the patient input sequence to predict age group.
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Pretraining Strategies.

Based on the three objectives above, we implement five pretraining strategies for the

Claimsformer, summarised in Table 5.1. These pretraining strategies, implemented either

independently, or in combined with other objectives, are compared to determine which

options can provide better representations for patient claims data.

Table 5.1 : Summary of the pretraining strategies implemented for the Claimsformer
model. Size refers to the number of model parameters (M=million).

Strategy Objective/s Size
MCM MCM only. 38.04M
MCM+Age Jointly on MCM and age group prediction. 38.04M
MCM+LMP Jointly on MCM and LMP. 40.06M
LMP Future claims items in the last month. 37.77M
NMP Future claims items in the next month. 37.77M

Pretraining Loss Function.

As the pretraining objectives are all multi-class classification tasks, they are trained

using multi-class cross entropy loss, which for a single instance is calculated as below:

L = −
n∑

i=1

y log(ŷ), (5.3)

where n is the number of classes (i.e., number of claims items or age groups), y is the true

label and ŷ is the softmax probability for the i-th class. For the pretraining strategies that

are jointly trained on multiple objectives (i.e., MCM+Age and MCM+LMP), we imple-

ment the loss as 4*MCM+Age and 6*MCM+LMP, respectively. While each strategy uses

different objectives for pretraining, we use a uniform set of hyperparameters inspired by

the GPT [179] architecture.

5.3.5 Fine-tuning on Downstream Condition Tasks

We conduct fine-tuning tasks for two purposes: 1) to compare the pretraining strate-

gies and identify the optimal approach for the Claimsformer model, and 2) to evaluate
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the Claimsformer against other model baselines. We predict multimorbidity and single

conditions for our two purposes as described below.

Multimorbidity.

Multimorbidity is defined as two or more coexisting chronic conditions in the same

individual [217]. In this work, the objective of the multimorbidity task is to predict

the presence of two of more of the following chronic conditions: diabetes (Diab), high

cholesterol (HC), hypertension (HT), heart, stroke and vascular disease (HSVD), back

pain (BP).

Single Condition Prediction.

The objective of this task is to predict the presence (positive label) or absense (negative

label) of a chronic condition. We use the same conditions from the multimorbidity task,

however the model is trained to predict each condition independently. Because we make

predictions for cancer and mental health cohorts, we also predict mental health (MH)

conditions for those with cancer (Can), and vice versa.

Fine-tuning Loss Function.

All fine-tuning tasks are binary classification tasks trained via average cross-entropy

loss computed as follows:

L = − 1

N

N∑
t=1

[y log (ŷ) + (1− y) log (1− ŷ)] , (5.4)

where N is the number of data points, y is the true label of the fine-tuning task (i.e.

multimorbidity or single condition label) taking a value 0 or 1, and ŷ is the probability for

the N data point.
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5.4 Experiments

5.4.1 Dataset

We conduct experiments on real-world Australian health data, the Person Level Inte-

grated Data Asset (PLIDA)2, as part of the Healthy Mind, Healthy Body Project3. PLIDA

uses a number of administrative databases to create a near-population level Person Link-

age Spine. The dataset includes medical services from the MBS, medication prescriptions

from the PBS, health conditions from the National Health Survey (NHS) 2017-18, and the

combined demographics database.

5.4.2 Data Preprocessing

Base Cohort.

Individuals from the Medicare Consumer Directory who had a single PLIDA linkage

identifier (we use version 4 of the spine) and were present in the combined demographics

database were considered for the base cohort. Age information was derived from the

combined demographics database. Exclusions were applied for those with a recorded

death date, missing birth year, or aged over 100 years at 1 Jan 2017. This gave a base

cohort of 27.63 million.

MBS and PBS Data.

Bulk-billing and incentive items were excluded from the MBS data and number of

services calculated by summing the number of services per person, per item, per date of

service. Only instances where sums were greater than zero were kept. Sizes of the MBS

and PBS cohorts were 23.10 million and 21.30 million, respectively. To further prepare

the MBS and PBS datasets for analysis, we follow the below preprocessing steps:

• Items from the PBS were mapped to chemical substance ATC5 codes to obtain

2 https://www.abs.gov.au/about/data-services/data-integration/integrated-data/person-level-integrated-
data-asset-plida

3 The project has ethics approval from the Australian Institute of Health and Welfare Ethics Committee
(EO2019/3/1075). The data was accessed securely through the Australian Bureau of Statistics DataLab
infrastructure.
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drug level categories. Items that were unable to be mapped to ATC5 codes were

excluded.

• MBS and PBS datasets were grouped by person, claims item, and month of service,

with duplicate items within a month removed to avoid focus on recurring items and

reduce the size of the input data.

• MBS and PBS datasets were combined, grouping by person to obtain the overall

monthly services. Not all months contain both MBS and PBS items.

Pretraining Cohort.

The combined MBS and PBS claims data contains abundant health-related informa-

tion but does not contain condition level labels. Given the known relationship between age

and chronic condition prevalence [136], we limited the pretraining cohort to individuals

aged 65 to 100 years, reducing the base cohort to 4.42 million.

We then randomly selected a 100,000 sample of individuals from this cohort for pre-

training. We merge the sample with the combined claims data, and exclude those without

at least five months of data, to ensure there is sufficient temporal information in claims

histories for pretraining.

We use combined claims data (MBS and PBS data) from 2016 to mid-2017 for pre-

training. After data processing, the pretraining cohort is 78,929 persons with 3939 unique

claims items. While we use a relatively small pretraining cohort, this could easily be

scaled up and/or broadened in future work.

Fine-tuning Cohorts.

Individuals in the NHS 17-18 who were also present in the base cohort and combined

MBS and PBS claims data were considered for fine-tuning. We use conditions reported

in the NHS 17-18 as fine-tuning labels and use definitions from the ABS NHS 17-18 User

Guide4. We make multimorbidity predictions for three NHS cohorts, and single condition

predictions for two NHS cohorts aged 65+: those with cancer, and those with mental

health conditions. Tables 5.2 and 5.3 provide the statistics of the fine-tuning cohorts.

4 https://www.abs.gov.au/ausstats/abs@.nsf/mf/4363.0
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Table 5.2 : Statistics of the fine-tuning cohorts for multimorbidity prediction.

NHS NHS 65+ NHS 65+
w/ Can or MH

cohort size 17,962 3,692 1,675
multimorbidity (%) 14.88 39.90 45.73

Table 5.3 : Statistics of the fine-tuning cohorts for single condition prediction.

Cancer Mental
cohort health cohort

cohort size 1,127 782
diabetes (%) 16.42 19.69
high cholesterol (%) 29.10 32.86
hypertension (%) 47.83 48.08
HSVD (%) 24.31 25.70
back pain (%) 31.77 39.26
cancer (%) - 29.92
mental health conditions (%) 20.76 -
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5.4.3 Experimental Setup

Baselines.

We compare the Claimsformer with a naive transformer (Naive T) that is not initialised

with pretrained weights, and three non-deep learning models for tabular data: Gradient

Boosting Classifier (GB), Logistic Regression (LR) and RF. Because these models cannot

handle sequential inputs, we use standard one-hot encoding of claims items as input.

Evaluation Metrics.

We use average precision score and top-k accuracy for the pretraining objectives. For

fine-tuning, we use the F1 score as the primary evaluation measure, however we also

report AUC due to the frequent use of this metric for comparing similar models in EHR

data [119, 188, 199, 240]. In addition, we record the precision, recall and accuracy of

models.

Implementation Details.

We implement all coding and models with Python 3.10.9 and run models on a NVIDIA-

SMI 531.14 Tesla T4 Graphics Processing Unit (GPU) with 16GB memory. We use

PyTorch 2.2.1 cu12.1 for transformer models and Scikit-learn for the non-deep learning

baselines.

We use all data for pretraining due to self-supervised learning. For fine-tuning, data

is split into train, validation and test in ratios of 80:10:10. Upsampling of the minority

(positive) class is used to provide balanced training datasets. This includes the impact of

fine-tuning data size study where the proportion positive class is between 44.6 and 49.2%

due to upsampling already applied.

Results shown are based on the test set, of which validation performance is used to

identify the best model. For the convergence study, we identified the best validation

performance with the epoch ranges (e.g., 1, 1-2, ..., 1-5) and report the results from the

test set. For reproducibility purposes, we set the random seed, torch manual seed and

numpy random seed for all experiments.

For transformer models, we largely follow the architecture of GPT [179], with a few
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modifications. We reduce the batch size and hidden size to fit GPU memory requirements.

We increase the number of attention heads to capture more complex sequential patterns,

and also increase the learning rate, with attention head and learning rate values consistent

with recent transformer models on EHR [107, 255]. We also leverage Adam [104] as the

optimiser, as this is frequently used for pretrained transformers in healthcare [188, 118,

244]. We reuse the same hyperparameter settings for fine-tuning, except ReLU is used

exclusively and we reduce the number of epochs (further details below). A summary of

the hyperparameters can be found in Table 5.4. The number of unique claims items for

fine-tuning is determined by adding any new unique claims items in the fine-tuning data

to the pretraining vocabulary. Fine-tuning models thus had 4173 unique claims items and

37.77 Million parameters.

All models were run three times to calculate evaluation metrics on the test set. For

fine-tuning, we train transformer-based models for a small number of epochs (five epochs)

as is standard for pretrained models [52, 179].

Table 5.4 : Hyperparameters for pretraining and fine-tuning.

Hyperparameter Pretraining Fine-tuning
batch size 32 32
learning rate 0.0001 0.0001
number of epochs 50 5
hidden size 512 512
intermediate size 2048 2048
number attention heads 16 16
number layers 12 12
gradient accumulation steps 4 4
dropout 0.1 0.1
hidden activation function GELU, ReLU for MLM ReLU
optimiser Adam [104] Adam [104]

5.4.4 Results

Comparison of Pretraining Strategies on Multimorbidity Prediction.

To determine the optimal pretraining strategy for the Claimsformer, we evaluated the

approaches on the multimorbidity prediction task. We provide the F1 and AUC metrics
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in Table 5.5, and report all other metrics in Table A.2 of Appendix A.

We observe that the MCM pretraining strategy leads to the best multimorbidity pre-

diction for two of the three cohorts examined. However, for the cohort aged 65+ with

cancer or mental health conditions, pretraining with the MCM+Age strategy outperforms

the other methods. This suggests that MCM is the optimal approach for learning relations

in claims data, with age information offering additional benefit in some instances.

The difference in multimorbidity prediction between the MCM and MCM+Age strate-

gies may be explained in part by the behaviour during pretraining, where the MCM pre-

cision is best when trained via MCM alone, and performance is slightly harmed when

introducing a second pretraining objective (See Fig A.1 in Appendix A). Based on the

multimorbidity results, we selected the Claimsformer (CF) pretrained via MCM and its

age variation (CF+Age) for further evaluation in the single condition tasks.

Table 5.5 : Comparison of pretraining strategies on multimorbidity (MM) prediction for
the NHS cohort (MM), NHS cohort 65+ (MM 65+) and the NHS cohort 65+ with cancer
or mental health conditions (MM 65+ w/ Can or MH). Performance metrics are average
(standard deviation).

Strategy MM MM 65+ MM 65+ w/ Can or MH
F1 AUC F1 AUC F1 AUC

MCM 72.5 (2.3) 80.0 (1.0) 75.3 (1.5) 79.6 (1.4) 81.9 (4.3) 84.6 (3.1)
MCM+Age 65.6 (2.5) 75.4 (1.5) 72.3 (3.4) 78.2 (2.1) 86.7 (3.8) 88.3 (3.0)
MCM+LMP 67.0 (3.1) 76.0 (2.0) 68.9 (5.4) 76.3 (3.1) 77.5 (2.5) 81.6 (1.6)
LMP 67.8 (1.8) 76.4 (1.4) 66.4 (2.7) 74.8 (1.5) 79.3 (5.1) 82.6 (3.4)
NMP 67.6 (3.1) 75.9 (1.8) 69.4 (5.1) 76.6 (3.1) 80.9 (3.2) 84.0 (2.3)

Evaluation of Claimsformer on Single Condition Predictions.

We report the task-specific condition predictions (F1 and AUC scores) for the cancer

and mental health cohorts in Tables 5.6 and 5.7, respectively. We include the standard

deviations and other model performance metrics in Tables A.3 - A.6 of Appendix A. We

observe three main findings.

Firstly, the CF or CF+Age variation provides the best performance (in terms of F1

scores) in predicting all conditions for the mental health cohort, and all but one condition
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for the cancer cohort. We find inclusion of age information in pretraining is beneficial for

predicting some conditions, but only in the mental health cohort, and hence CF without

age appears to be the more robust and generalisable model.

Secondly, the non-deep learning models can provide competitive performance for

some conditions, supporting the inclusion of these models as baselines. For example,

the GB classifier outperforms all comparative approaches in predicting high cholesterol

for the cancer cohort. However, for this task, CF remains the superior model in the mental

health cohort (which has a smaller cohort size), and is capable of outperforming the GB

model for the cancer cohort at a smaller number of epochs (see Convergence Analysis

and Fig. 5.3). We also observe that a non-deep learning model can outperform the naive

Transformer in some instances (e.g., HSVD, BP). However, this is likely due to Naive T

being highly parameterised and even with dropout methods, may overfit the fine-tuning

data compared to pretrained models [188].

Finally, we find that model pretraining provides better condition predictions than train-

ing a Transformer from scratch. This is shown by the Naive T model unable to outperform

(in terms of F1 scores) both the CF and CF+Age models across all conditions. However,

Naive T does particularly well in predicting diabetes, and we further explore low-resource

settings for this task (see Impact of Fine-tuning Data Size). Overall, the results support

the effectiveness of the Claimsformer, and the use of pretraining on claims histories to

enhance chronic condition predictions.

Table 5.6 : Average model performance metrics on single condition prediction for the
cancer cohort.

Model Diab HC HT HSVD BP MH
F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC

CF 89.3 90.4 53.9 69.6 92.6 93.2 67.4 76.0 57.9 69.9 45.8 65.4
CF+Age 87.1 88.6 39.8 62.3 89.1 90.4 56.7 70.4 49.3 66.3 26.0 57.4
Naive T 84.5 93.0 52.2 66.7 83.1 82.4 56.5 71.1 19.5 50.7 41.1 62.7
GB 77.8 89.5 62.7 73.2 78.7 81.7 65.6 74.8 41.1 62.1 41.7 63.2
LR 84.8 86.8 46.8 64.8 73.6 78.8 58.5 70.8 52.8 67.5 40.0 62.5
RF 71.9 78.0 3.9 51.0 73.4 79.0 36.9 61.3 15.3 54.2 0.0 50.0
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Table 5.7 : Average model performance metrics on single condition prediction for the
mental health cohort.

Model Diab HC HT HSVD BP Can
F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC

CF 93.3 93.8 66.7 75.3 80.8 80.7 63.7 74.7 54.3 68.8 56.4 69.0
CF+Age 94.3 94.8 45.3 64.7 84.4 86.1 62.0 72.7 37.3 60.8 31.5 59.4
Naive T 93.5 94.6 53.7 60.2 43.3 50.0 50.6 64.1 0.0 50.0 15.5 50.0
GB 80.0 85.9 37.5 61.5 74.7 79.8 60.0 71.4 29.2 58.6 29.5 58.1
LR 85.7 87.5 61.5 72.1 71.2 77.6 50.0 66.7 40.0 61.9 50.0 66.7
RF 71.9 78.1 14.3 53.8 63.4 73.3 19.9 55.6 22.8 56.5 17.5 54.8

Convergence Analysis

To further investigate the benefits of pretraining, we explored whether the Claims-

former converges earlier than the naive Transformer during fine-tuning. We show the

results for a subset of conditions in Fig. 5.3. As demonstrated by the results, CF exhibits

higher performance at earlier epochs compared to Naive T. In addition, we observe that

the CF performance can stagnate and even deteriorate with more epochs, such as for the

high cholesterol prediction in the cancer cohort (which achieves an F1 score of 63.4% in

the first epoch). This suggests that additional epochs may lead to model overfitting and

thus a smaller number of epochs, or other training strategies (e.g., early stopping), may

be beneficial.
Sheet1
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Figure 5.3 : Convergence analysis showing average F1 scores within five epochs for the
Claimsformer (light green) and naive Transformer (dark green) for the cancer cohort in
predicting a) high cholesterol and b) HSVD, and for the mental health cohort in predicting
c) high cholesterol and d) hypertension.
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Impact of Fine-tuning Data Size

Given the competitive performance of Naive T compared to CF in predicting diabetes,

we conducted additional experiments varying the proportion of the fine-tuning data, and

hence examine low-resource scenarios. As shown in Table 5.8, CF obtains better F1

scores for all fine-tuning data sizes and better AUC metrics for all but one sample. It

is also able to provide good performance with only 20% of fine-tuning data. These re-

sults confirm the benefits of pretraining and the advantage in instances where labels are

particularly limited.

Table 5.8 : Model performance metrics for diabetes prediction on various fine-tuning data
sizes. Results are presented as average (standard deviation).

Cancer Cohort Mental Health Cohort
Data size CF Naive T CF Naive T

F1 AUC F1 AUC F1 AUC F1 AUC
10% 67.3 (4.2) 84.4 (2.1) 29.8 (1.9) 53.3 (5.3) 78.0 (1.5) 90.3 (2.5) 33.7 (0.0) 50.0 (0.0)
20% 80.8 (4.0) 89.6 (2.1) 28.6 (0.0) 50.0 (0.0) 89.7 (6.3) 92.7 (1.8) 22.5 (19.5) 50.0 (0.0)
50% 88.1 (1.4) 91.4 (0.3) 78.2 (3.4) 89.0 (1.8) 94.5 (4.2) 95.6 (4.5) 64.6 (24.6) 80.5 (15.1)
80% 88.4 (0.4) 90.2 (1.2) 86.7 (3.6) 93.7 (1.9) 94.5 (2.0) 94.8 (1.8) 88.6 (6.2) 91.2 (5.9)

5.5 Conclusion

In this work, we propose the Claimsformer, a pretrained transformer tailored to claims

data. We compare various strategies for pretraining, identifying MCM as the optimal ap-

proach for learning generalised relations in claims histories. Through experimental results

we show the Claimsformer can offer improved chronic condition predictions for cancer

and mental health cohorts, earlier model convergence, and effectiveness in low-resource

settings, validating the feasibility and usefulness of pretraining with claims data. Fu-

ture work includes upscaling the pretrained model through a larger population sample,

additional historical context or broader population, as well as exploring alternative pre-

training (such as generative pretraining) and downstream tasks. This work presents the

first demonstration of the potential for transfer learning with Australian claims data, and

lays the foundations for further development of such models.
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Chapter 6

Discussion and Conclusion

This chapter discusses the key findings of this research and their relevance within the

broader context of healthcare. It examines the implications of the research, considers the

potential limitations, and suggests future studies. Given the interdisciplinary nature of this

research, this chapter also reflects on the ongoing challenges of applying deep learning

models in healthcare to highlight additional considerations and opportunities for further

work.

6.1 Summary of Contributions

This research aimed to develop more effective transformer-based models with longi-

tudinal health data for complex cancer pathways modelling. In supporting this purpose,

several transformers are proposed tailored to longitudinal health data, leveraging MTL,

longitudinal patient modelling, and transfer learning, to overcome existing challenges in

cancer. These contributions can be summarised as follows:

• Contribution 1: The first multi-task Transformer focused on EHR medical code

data that specifically models the following related outcomes for hospitalised cancer

patients: future diagnosis and readmission. This work confirmed the importance

of considering related outcomes for cancer patients who have shown an increased

risk of hospital readmission compared to the general population [92], and are often

burdened with symptoms and side effects as a result of their cancer and/or treatment

[145]. By adapting transformers to incorporate MTL for predicting multiple cancer

outcomes, we achieve Objective 1 and address Research Problem (RP) 1.

• Contribution 2: Adaptation of the Transformer to claims data, through the first im-

plementation of a hierarchical transformer leveraging month and history multi-level
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claims item relations to predict outcomes for cancer patients initiating chemother-

apy. The model also integrates demographic and clinical features from a cancer reg-

istry to evaluate and reaffirm the value of this additional static patient information

in predicting cancer outcomes. By showing the effectiveness of the Transformer

specifically designed for the structure of claims data and cancer characteristics, we

achieve Objective 2, and address RP2.

• Contribution 3: An Australian-first application and proof-of-concept demonstra-

tion of pretraining on claims data, through developing a pretrained transformer

specifically tailored to model relations between medical services and prescriptions.

The pretrained model is evaluated on chronic condition predictions, which are crit-

ical in cancer and healthcare given the known links between chronic conditions

and survival outcomes [137, 113]. By demonstrating the benefit of pretraining and

transfer learning for cancer tasks with limited data, we achieve Objective 3 and

address RP3.

Together, these findings demonstrate the effectiveness, flexibility, and data-efficiency

of a longitudinal health transformer for cancer pathways modelling and risk prediction.

This aligns with existing research on the benefits of transformers for complex sequen-

tial and temporal longitudinal health data, supporting the superiority of the Transformer

architecture for healthcare information. Furthermore, this advances existing research in

the areas of oncology and Australian claims data, by developing domain-specific and tai-

lored transformers to this context and data. The progressive nature of these contributions

provides a foundation for a comprehensive cancer modelling framework, and demon-

strates the feasibility of developing large-scale and generalised solutions for oncology

and healthcare.

6.2 Research Implications

This research has theoretical, methodological, practical, and public health implica-

tions. In this section, these implications and the beneficiaries, which include researchers,

health professionals, government, the healthcare system, and cancer patients, are dis-

cussed.
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Theoretical

This research reaffirms and extends the theoretical understanding of transformer ar-

chitectures for longitudinal health data. Firstly, by showing the superiority of the Trans-

former compared to shallow machine learning and recurrent architectures, this reinforces

existing theory on the benefits of the self-attention mechanism and capability of the Trans-

former to capture complex sequential relations in longitudinal health data [232]. This

deepens the rationale for using transformers over other models for longitudinal health

data, particularly where healthcare events are time-ordered and long-term such as for

oncology. Secondly, by demonstrating the benefits of modelling long-range sequential

patterns with the Transformer, this validates existing views about the inherent temporal

relations within healthcare histories [119] and that capturing these patterns is essential for

cancer predictive modelling. Thirdly, by showing the benefits when the Transformer is

equipped with demographic and cancer clinical characteristics, this further contributes to

knowledge on feature importance for cancer-related predictions. This supports the value

of combining dynamic and static patient information and the ability of the Transformer to

encode this information for richer patient representations.

Additionally, by successfully adapting transformers to claims data and demonstrating

their potential for improved predictions, this extends knowledge about their applicabil-

ity beyond EHR, supporting their robustness in alternative health datasets. Finally, by

demonstrating the ability to transfer knowledge from claims data, this contributes to the

current theory on self-supervised pretraining in health data [188]. The findings in this re-

search suggest that patient pathways within longitudinal claims data contain meaningful

information that together with transformer-based models can be captured and transferred

to other tasks. This supports the flexible and transferable nature of transformers outside

of natural language and reaffirms their utility in oncology and healthcare.

Methodological

This research has methodological implications for the AI and medical research com-

munity, contributing to areas of both computer science and bioinformatics. By demon-

strating opportunities to improve transformer-based models with longitudinal health data
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for cancer, this advances the development of context-aware, data-driven transformers in

oncology. By tailoring models to the differing structure of claims data, specifically Aus-

tralian claims data, this provides the first methodological insight into how to effectively

encode and represent this data with transformers. In addition, this research guides the

training and evaluation of large-scale claims data by providing a comprehensive eval-

uation of pretraining strategies, and examining fine-tuning performance, convergence

and low-resource scenarios. By developing an approach for the successful pretraining

of claims data with transformers, this has implications for the advancement of domain-

specific foundation models and generative systems, as these similarly learn generalised

relations and utilise transfer learning [233, 178]. The use of the same underlying model

architecture (the Transformer) means that the models in this research can be easily scaled

to create larger foundation models, or adapted to pretrain for generative tasks. This can

ultimately drive more scalable, data-efficient, generalisable, and comprehensive longitu-

dinal health transformers.

This research also has implications for future predictive models in oncology and more

broadly for healthcare. The methods proposed enhance predictions for several key cancer-

related outcomes including survival, hospital readmission, as well as predicting current

and future disease. This informs the development of subsequent cancer prediction models

focused on these and similar tasks. This research also provides an approach for combining

dynamic and static healthcare features, to better model sequential healthcare behaviour

while including cancer clinical characteristics. This also guides future deep learning-

based risk models in oncology. Finally, while the methods in this work are focused on

cancer, they are easily transferable to other health conditions, such as chronic disease

opening avenues for widening the application of transformers in healthcare.

Ultimately, the methods in this research support the development of more effective

models for cancer pathways modelling, contributing to, and advancing, the growing ap-

plication of transformers in healthcare. This work will help inform the design of future

models better tailored to claims data, and encourages the use of transformers for further

AI-based innovations for oncology.
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Practical

This research has broad implications for practice in both clinical and government set-

tings. Below, a description is provided for each opportunity, followed by comment on the

potential facilitators and barriers for adoption.

Support care coordination. The ability of the Transformer to analyse longitudinal

health data and provide accurate predictions can enhance the understanding of risks, di-

agnosis of disease, and patient monitoring [51]. In particular, the use of multi-task models

(such as TransMT) that can simultaneously predict outcomes (future disease) and com-

plications (readmission) can provide more comprehensive risk profiles. This allows clin-

icians to consider multiple competing risks at once, which can help provide prioritised,

coordinated, and responsive patient care [38]. Multi-task learning can also be applied

to enhance care coordination for those with chronic conditions, by addressing the mis-

alignment between siloed care delivery (disease-specific) and the needs of the patient

(patient-centric and coordinated), enhancing care planning, reducing treatment delays,

and avoiding adverse events [103, 38]. These models also reduce the interpretation time

for clinicians (one multi-task model instead of several individual models), facilitating

more timely and efficient insights, contributing to enhanced health care delivery and care

coordination for patients [209].

More personalised care. Leveraging large volumes of patient data enables transform-

ers to learn trends and patterns to better provide individualised predictions [51, 148].

This can facilitate healthcare and oncological management through personalised treat-

ment recommendations, interventions, and follow-up care [4, 38, 164, 8]. For instance,

the Claims-MLT model developed to predict survival for cancer patients can provide a per-

sonalised prognosis to help inform suitability for treatment or palliative care. Similarly,

the prediction of future heart disease risk can help understand likelihood of complications

or adverse events and predict response to treatment to inform individualised monitoring.

These types of models can also help determine suitability for alternative care models,

such as Victoria’s home-based cancer care [234]. Furthermore, they can enable ongoing

monitoring through use of temporal trends to update risks over time, providing dynamic

predictions that can continually inform decision making and further enable personalised
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care [38].

Earlier preventive interventions. Capturing dependencies in long-range healthcare

data assists the Transformer in predicting patient risk, which can accelerate the presence

of signals in patient pathways [45]. For chronic conditions, this could include subtle dis-

ease markers that facilitate identification of those at increased or growing risk of disease,

that may even emerge before symptoms appear [189]. The Claimsformer model devel-

oped in this research could be used in clinical settings to warn or flag individuals at risk

of developing chronic conditions. This potential is further enhanced by using a pretrained

transformer, as the already present generalised understanding of the data structure allows

rapid recognition of patterns, demonstrated by the reduced data requirements and quick

convergence when fine-tuned ([71] and in Chapter 5). Earlier disease detection enhances

ability for proactive and timely interventions to improve patient outcomes and reduce

costs [162, 189]. This could occur by reducing impacts of complications, delaying or

avoiding onset of chronic disease or multimorbidity; or identifying early disease progres-

sion (e.g., cancer recurrence). This is critical for cancer patients, as chronic disease and

recurring cancer is linked to poorer outcomes [60, 93].

Improved access to data and knowledge. Analysing large, complex, patient data can

be extremely challenging for an individual clinician [7]. Transformers can make this

information more accessible by processing and providing insights that would otherwise be

potentially unknown [51]. The transformers developed in this research thus have potential

to contribute to, or extend, the medical and specialist knowledge of clinicians, in the areas

of cancer and chronic disease [45]. By providing improved access to data and knowledge,

this has potential to inform clinical decision making to benefit patient outcomes [51]. It

also reduces reliance on individual clinician experience, while enabling clinicians to focus

on delivering care rather than navigating data [162].

Healthcare analysis efficiency. The proposed models in this research are purpose built

for government administrative claims data, and are designed to operate within the secure

environments co-located with the data. This facilitates the application and development

of transformers on healthcare data by providing already implemented methodologies and

practical examples for those working within government. Additionally, the creation of the
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pretrained Claimsformer model provides opportunity for a general-purpose transformer

that can be applied to numerous health-related prediction tasks. This reduces the need to

train a specialised model from scratch for every condition or task and instead leverage the

power of generalised pretraining to reuse data [184]. This can help accelerate the use of

transformers, and AI, more broadly within government, and provide efficiency gains in

health data preparation, preprocessing, and modelling to predict health-relevant outcomes.

Support evidence generation. For governments, which in Australia hold large amounts

of longitudinal health data, models that can learn from this vast information and provide

insights can support government operations by enhancing the evidence base for policy

[51]. For instance, the Claimsformer model can be used by government to predict chronic

conditions and infer disease for populations where labelled data is not available. This

could contribute to existing reporting and initiatives related to chronic disease (such as

the National Strategic Framework for Chronic Conditions [14]) or facilitate further re-

search in understanding impacts of chronic conditions on outcomes. In addition, predic-

tion of elements and outcomes along the cancer care pathway (such as in the Claims-MLT

model) can reveal population trends or patterns related to optimal care, by leveraging de-

mographic, health service, and treatment information. This can support the development

of policy by facilitating evidence-based data-driven decisions [51, 184].

Near real-time decision making. The ability to analyse information across healthcare

with minimal feature engineering enables more rapid analysis and real-time monitoring in

government, which can facilitate planning and prompt decision making [164, 8]. There is

particular opportunity to support public health surveillance, as transformers can overcome

the traditional time-consuming manual data collection and analysis through automation to

quickly predict outcomes and issue warnings [164, 247]. This also provides opportunity to

better monitor risk factor trends for non-communicable diseases by speeding up the flow

of information [164]. By leveraging the Claimsformer model to infer chronic conditions

across the population, this could allow near real-time monitoring of uptake of vaccines

(e.g., influenza), new treatments, or prescription medication use. This can provide insights

that enable more timely interventions (such as communication strategies) or that help with

the adoption and implementation of new policies [184].
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While the opportunities above indicates promise for this research to improve practice,

the adoption of these pathways is not straightforward in the Australian healthcare system.

Adoption of all pathways is made easier through continual investment in large, linked data

sources that span across healthcare and offer national populations, as there is a need for

high-quality and high-quantity data for transformer models [189, 4]. Adoption of predic-

tive models by clinicians is facilitated by easy integration into existing workflows, where

models can augment clinician judgement (e.g., through early identification or risk flag-

ging) to support care decisions and reduce clinician burden (through insights that are not

easily determined or accessible elsewhere) [148]. Additional longitudinal research using

transformers can help bridge the gap between research and adoption by demonstrating

the potential scalability and real-world effectiveness [45]. Further training and education,

both in clinical and government sectors, will facilitate adoption by enhancing AI literacy

and addressing existing workforce skill and knowledge gaps [189, 162]. Additionally,

investment into digital infrastructures, particularly into sufficient and scalable compute

availability, will aid the analysis of data and model development [164].

In contrast, adoption in clinical practice is made challenging by fragmented data and

systems, where data is not available or accessible to provide trends or predictive insights

at the right time [4, 45]. Clinicians also need to be willing to engage with AI modes, with

existing evidence suggesting lack of clinician involvement and hesitancy to adopt AI [209,

4]. Barriers limiting adoption in both clinical and government practice include model

explainability or interpretability issues, potential bias in model outcomes, data protection

and privacy, ethical concerns, and costs [209, 45, 164, 51, 189]. In addition, an evolving

and unclear AI regulatory landscape [45, 51, 12] can slow implementation across clinical

and government sectors, and so adoption of this research may not necessarily be easier in

government despite being developed on its infrastructure. Nevertheless, focusing on ways

to grow the enablers and address the barriers will facilitate the adoption of this research

into practice. Further discussion on the considerations for real-world implementation can

be found in Section 6.5.
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Public Health

Finally, this research has public health implications at the population and system level

for patients, policymakers, and governments. These implications are outlined below, fol-

lowed by a brief description on which opportunities may be most and least promising for

implementation.

Inform resource allocation. Transformers can accurately forecast healthcare utilisa-

tion and demand using historical data, current trends, and external factors, to help op-

timise resource allocation for policymakers and governments [103, 164]. Transformer

models predicting cancer-related outcomes at scale can help plan for workforce capacity

– e.g., location of specialist cancer nurses; health infrastructure demand – e.g., likely

use of Symptom and Urgent Review Clinics (SURCs) in Victoria by cancer patients;

and need for community services – e.g., for Victorian home-based cancer care or out-

patient chemotherapy [234]. This can directly inform allocation of resources to where

they are anticipated to be most needed. This is a key goal of the Australian Government’s

Australian Cancer Plan (ACP) [29], which emphasises the need to understand and antic-

ipate workforce supply and demand to identify gaps and strategies to address them. This

will be essential for longevity and efficiency of the Australian healthcare system, given

the ageing population, increasing demand for healthcare services, and rising cost of health

[45, 184].

Targeted health policy. Population-level risk stratification using long-term trajectories

can help identify characteristics of cohorts at high or persistent risk of poorer health out-

comes. For instance, using transformers to predict those at risk of developing cancer can

reveal insights to help design or improve government-funded screening programs [219].

Likewise, understanding populations at high risk of cancer progression or recurrence can

inform targeted interventions via new health policies or scaled up policies to improve out-

comes and reduce mortality rates [184, 189]. Additionally, identifying subgroups at high

risk of chronic conditions, such as by using the Claimsformer, is a key opportunity to

better target interventions to reduce the burden of disease [189, 162]. By facilitating more

tailored health policy, these types of models can also support the goals of national and

jurisdictional cancer plans [29, 234, 235], which aim to develop new and personalised
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cancer screening programs, improve cancer survival outcomes, increase early access to

palliative care, and better support patients in survivorship.

Reduce health inequalities. Health inequalities remain a challenge for healthcare sys-

tems [162]. By integrating healthcare service use with sociodemographic information

and outcomes (such as in the Claims-MLT model), transformers can model trajectories

to identify health disparities that appear or persist across populations. These insights can

support the development of equity-focused policies or programs to enhance diagnosis,

improve access, or tailor interventions [184, 162]. Given it is widely acknowledged for

cancer that outcomes differ by sociodemographic groups (such as age and remoteness)

[39, 137], it is critical to develop approaches that can inform more equitable care and

outcomes. This is emphasised in the ACP [29], which includes achieving equity in cancer

outcomes as a key measure of success, demonstrating the importance of investigating and

reducing health disparities for priority populations.

Inform models of care. By considering the sequences and transitions of events in

patient trajectories, transformers can capture complex temporal interactions and provide

detailed insights across the entire cancer care continuum. This enables transformers to op-

timise patient care pathways through better data integration and predictive modelling that

can identify which pathways deliver the best outcomes [38]. For cancer, this could inform

existing care standards, such as the OCPs1, by estimating each phase of care in the path-

way and identifying high-value care patterns. This could, in turn, support the development

and incentivisation of new models of care that are outcome rather than service driven, and

enable the provision of the right care, to the right patient, at the right time [206]. This

offers opportunity to help standardise care across populations and settings, reducing un-

warranted variations, and drive more efficient healthcare [162, 4]. This can also support

objectives of the ACP [29], which encourages innovative and evidence-based models for

providing optimal care, including incorporating AI and predictive modelling to comple-

ment the OCPs, and to enhance cancer care planning and treatment approaches. The ACP

[29] also stresses the importance of new models for cancer survivorship to reduce cancer

recurrence, manage chronic disease, and monitor the long-term impacts of cancer. The

1 https://www.cancervic.org.au/get-support/for-health-professionals/optimal-care-pathways
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transformers in this research thus offer opportunity to investigate cancer pathways with

longitudinal health data to inform models of care that can support the healthcare system

to move towards more comprehensive and value-based care [206].

Support health policy evaluation. Using longitudinal health data (i.e., diagnostic in-

tervals, treatment cycles, and outcomes), transformer models can support more nuanced

health policy evaluation through leveraging entire patient trajectories for testing under

different scenarios. This can include estimating the potential impact of interventions or

policies, and model trade-offs prior to implementation [164]. This could facilitate new or

updated cancer screening programs, with AI-based simulations already providing insights

into the impacts of prevention programs, screening expansions, and smoking policies on

cancer [219]. Transformers can also evaluate and monitor impacts of strategies post-

implementation, including how they affect risks of population groups [184], which would

be beneficial if evaluating policies for chronic conditions. This provides opportunity for

policymakers to better understand and measure (or monitor) impacts of interventions, and

enable more strategic and dynamic policy.

Of the above opportunities, perhaps the most fruitful is enhanced risk stratification

that can enable more targeted health interventions, particularly for long-term and com-

plex conditions. This is already supported through integration of population-level data,

and this research has demonstrated the potential of the Transformer to analyse long-term

trends and patterns to predict outcomes related to cancer and chronic disease. Further-

more, this topic has high political interest and appetite, as demonstrated by initiatives

like the ACP and the National Strategic Framework for Chronic Conditions, and due to

the rising prevalence of chronic disease and health system impacts [45, 221]. However,

despite these supporting factors, integration of such methods does face challenges like

fragmented data (across the Australian healthcare ecosystem – e.g., general practice, hos-

pital, Commonwealth), data sharing reluctance and risks, explainability limitations, and

bias and fairness issues [45, 51, 189, 257].

Other promising directions include informing models of care and resource alloca-

tion, as these are also supported by existing data. Additionally, these opportunities will

benefit from leveraging longitudinal trajectories for precise predictions related to patient
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pathways or demand forecasting. However, implementing models of care is made chal-

lenging by the multi-layered responsibilities within the Australian healthcare system (i.e.,

Australian Government, jurisdictions) [55]. Furthermore, the nature of government bud-

get cycles can result in misalignment between resource allocation and insight generation

from complex data [203].

Despite their importance, the most challenging to implement are health policy evalu-

ation and reducing health disparities. This is primarily due to data constraints or lack of

representative data; challenges related to causal inference; political sensitivity; and risk

of bias amplification that can perpetuate existing inequalities [45, 162]. However, it is

also challenging to apply transformers and AI to these areas due to the complex and inter-

disciplinary nature of developing policy and existing digital health inequalities [184, 4].

Finally, like the practical implications, regulatory, ethical, and data privacy concerns are

also prominent issues [4, 12]. While the transformers developed in this work demon-

strate the opportunity to leverage these models to improve public health, it is important to

consider the above barriers to help bridge the gap between research and implementation.

More details on the challenges and opportunities of implementing transformer models in

healthcare is discussed in Section 6.5.

6.3 Limitations

While this research provides valuable insights into transformers on longitudinal health

data for cancer, and has considerable real-world implications, it is important to also ac-

knowledge the limitations.

Dataset Size

The datasets used in this research are relatively small for deep learning models com-

pared to that of natural language. Experiments on MIMIC-III and MIMIC-IV EHR data

(in Chapter 3) utilised 2,000 and 20,000 patients, respectively. For the experiments on

claims data, this ranged from 8,700 to 15,200 for the Claims-SLT model (in Chapter 4)

to approximately 79,000 for the pretrained Claimsformer (in Chapter 5). These datasets

sizes are largely the result of cancer- and population-specific cohorts. However, the use

of small datasets may limit the ability of models to fully capture the complex relations in
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longitudinal health data and can contribute to model overfitting and poor generalisability.

To help address model overfitting, and data and label insufficiencies, strategies are used

in this research including dropout and up-sampling, and model pretraining, respectively.

It is also argued that while the datasets used may be small, the use of several diverse

data sources in this research assists in supporting the evidence of the superiority of the

Transformer with longitudinal health data.

External Validation

While the studies in this research did use internal validation for evaluating model per-

formance, this research did not investigate external validation. This means that for the

experiments in this research, data for training, validation, and testing were derived from

the same data source. The reason for solely relying on internal validation was primar-

ily due to privacy and data sharing restrictions which prevented the movement of data or

models outside of the secure environments. Although this ensures the protection of the

data, it does limit the ability for external validation, and hence examination of generalisa-

tion. It is therefore, unclear, how these models may perform on independent datasets from

different institutions, time periods or cohorts. However, the benefit of using real-world

data in this research (as opposed to synthetic), is that it provides a demonstration of how

models perform on actual health data.

Generalisability

As mentioned above, the use of limited sized datasets can reduce model generalis-

ability. This means that the model may not generalise well in other settings that differ

from the training conditions. In addition, the focus on cancer- and population-specific

cohorts means that the model may have poor generalisation to other cancer types, demo-

graphic groups, or health conditions. The development of the Claimsformer in Chapter

5 does provide some indication on the generalisability of a pretrained model with claims

data, demonstrating benefits from the learned claims relations for predicting chronic con-

ditions. However, further development of this pretrained model, as well as exploration on

additional datasets would provide further detail on the generalisability of the transformer-

based models in this research.
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Hyperparameter Testing

This research primarily leveraged hyperparameters from similar models implemented

on longitudinal health data and did not perform detailed experiments on tuning hyperpa-

rameters. Leveraging the hyperparameters of BEHRT [119] and Med-BERT [188] models

has been common practice [188, 118, 116, 199, 149]. However, a lack of hyperparameter

testing means there could be more appropriate alternatives that provide better model per-

formance. Regardless, detailed hyperparameter testing was considered infeasible in this

research either due to computational limitations (as described below), or due to a focus

on other model aspects (e.g., various pretraining strategies in the Claimsformer model),

where inclusion of hyperparameter tuning would have substantially increased the time,

computation, and cost required for experiments.

Computing Resources

Given the studies on claims data in this research were restricted to secure data envi-

ronments, this research was also computationally constrained to these settings. This was

primarily an issue for the Claims-MLT model developed in Chapter 4, as this model was

restricted to Central Processing Units (CPUs), limiting the ability to train transformers

efficiently. Compared to the Claimsformer in Chapter 5 which was trained using similar

claims data and the same batch size, but with a GPU, the Claims-MLT model had to use

a much simpler model architecture, as it was infeasible to train using the Claimsformer

architecture (Claims-MLT: 4 attention heads, 2 layers, and a hidden dimension of 128 vs

Claimsformer: 16 attention heads, 12 layers, and hidden dimension of 512). In addition,

the long training times limited the flexibility for experimentation and iteration. Collec-

tively, this may have impacted the capture of the complex relations within longitudinal

health data, and potentially reduced model performance.

6.4 Future Directions

Building on the developments in this research, there are a number of possible direc-

tions for future work. The most promising opportunity is working towards broader so-

lutions for longitudinal health data through development of foundation models and gen-

erative capability. This can be achieved by further expanding and improving upon the
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approaches in this research and addressing the previously noted limitations. There is also

promise in exploring alternative transformer architectures, incorporating model explain-

ability, and extending models to new contexts and diseases. These directions intend to

provide more accurate and comprehensive models that can be leveraged for cancer and

other conditions, further developing AI-based technologies for modern day healthcare

data and challenges. More detail on these directions is provided below.

Foundation Model for Claims Data

Following the demonstrated feasibility of transfer learning in this research, a natural

next step is to further improve pretrained transformers for claims data. This will advance

the generalisability and data-efficiency of models, facilitating the development of a uni-

versal foundation model that can leverage the intricate relations between claims items for

a wide variety of tasks. The following opportunities are proposed for the pretraining and

fine-tuning of transformers:

• Expand pretraining data. One promising direction is to explore opportunities to

expand and upscale the proposed pretrained transformer developed in Chapter 5

(the Claimsformer). This can be achieved in various ways such as pretraining on

a larger population sample from the 65+ aged group used for pretraining (approx-

imately 4 million individuals available), or using a broader population with more

diverse age groups (not just 65+). Alternatively, pretraining could use additional

historical years of patient data, to capture more longitudinal claims item relations.

Furthermore, the pretrained model could be expanded to include diagnosis codes, in

addition to health services and medications. This would provide additional health

context that would likely be helpful for understanding generalised patterns. All of

these opportunities however, would need to be balanced against available training

infrastructure and computational requirements as larger data will require additional

training time. Investment and use of flexible Cloud-based solutions will assist this

research direction and help overcome computational limitations. This is particularly

relevant for government who hold vasts volumes of national claims data that could

be leveraged for model pretraining to enhance risk stratification and prediction at

scale.
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• Pretraining tasks and configurations. Another opportunity is to explore alter-

native tasks and configurations for pretraining. While this research investigated

a series of pretraining strategies, there are additional avenues that could be ex-

plored, such as implementing the Med-BERT [188] PLOS task, or predicting the

type of claims item (e.g., health service, medication, or diagnosis). Further re-

search could also look at alternative configurations for model pretraining. For ex-

ample, in developing the Carefully Optimised and Rigourously Evaluated BEHRT

(CORE-BEHRT), Odgaard et al. [160] report that there may be more optimal MLM

ratios for pretraining. In addition, future work could focus on generative pretrain-

ing, rather than using BERT-based approaches. This could include pretraining sim-

ilar to the earlier mentioned TransformEHR [255] model, which showed benefits

in cancer prediction, but could leverage more information from longitudinal health

data and requires evaluation on claims data and against other pretraining strategies.

• Alternative input and patient representations. While this research demonstrates

effective longitudinal patient representation of claims data for cancer-related pre-

dictions, there are a number of alternative ways the input data could be could be

embedded or encoded that may provide better representations. For example, in this

work claims items were grouped into months for data modelling to retain longer-

range temporal relations while allowing flexibility in short-term relations. This is

more similar to how one may logically consider healthcare service use, as events

might not always appear in exactly the same order. However, claims items do have

more detailed date information (i.e., date of healthcare service or medication sup-

ply) that could be explored. This research also aggregated claims item codes for

modelling (e.g. for healthcare services, medications and diagnoses) to reduce com-

putational demand. However lower level (i.e., less aggregated) claims item codes

could be considered and tested if the data is large enough and computation is suf-

ficient. Outside of the claims item codes, there is also potential to further integrate

patient demographics and clinical features. For example, age could be included as

its own embedding in the input representation (as done for BEHRT [119]), to reflect

changes in age over time and may be helpful in learning relations with diseases. Im-

provements in the data input representation can further tailor transformers to claims
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data and provide opportunity to improve predictions.

• Further multi-task learning. Based on the demonstrated benefits of transformer-

based MTL for cancer-related predictions, another future direction is to leverage

MTL for additional cancer outcomes, particularly with claims data. For example,

MTL could be used to predict the outcomes investigated for chemotherapy patients

(in Chapter 4) (i.e., survival and future heart disease risk). It could also be expanded

to include simultaneous prediction of other outcomes such as emergency depart-

ment presentations, hospital admissions, mental health conditions, and/or medica-

tion complications for cancer patients. Similarly, MTL could be integrated into

the fine-tuning tasks for pretrained models, such as for the prediction of multiple

chronic conditions in Chapter 5. Given that existing evidence suggests MTL can

work well for prediction of multiple conditions [129], and that multimorbidity is

common for those with chronic conditions, it is feasible there may be relations here

that would benefit predictions.

• Zero-shot settings. Another area of exploration for evaluating pretrained mod-

els is in zero-shot settings, where no fine-tuning is provided to models and their

performance on downstream tasks is measured. Evidence suggests that pretrained

models do not necessarily require model fine-tuning for good performance. Recent

exploration with transformers for medical event [194] and health trajectory predic-

tion [195] has suggested that models can be used effectively in zero-shot settings

for health-related predictions. This offers a promising opportunity to provide more

efficient pretrained models.

• Hyperparameter tuning. Finally, as opposed to re-using the hyperparameters

from similar transformer-based EHR models (such as BEHRT [119] or Med-BERT

[188]), detailed hyperparameter testing could be explored for models to determine

if there are more suitable parameters for model performance. This could include the

use of methods such as grid search [118], random search [216], or Bayesian Opti-

misation [119], all of which have already been used for AI models in healthcare.

Given the additional benefit of hyperparameter testing to help inform model stabil-

ity, reliability, and robustness under different conditions [11, 183], this is recom-
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mended for future studies. As mentioned previously, more powerful computational

resources and infrastructure will help support this research direction.

Alternative Transformer Architectures

Given the explosive nature of this field in the last few years, there have been many

methods developed using alternative transformer architectures that could be leveraged for

future work. These architectures may be able to provide more effective models for can-

cer pathways modelling by tackling the characteristics of these pathways (e.g., temporal,

long sequences) or improving prediction of key cancer outcomes. By examining what

methods have been successfully implemented in EHR data, this can help guide potential

approaches for claims data. Below is a list of a few promising developments that could

serve as inspiration:

• Long sequences. One opportunity is to target the issue of long sequences that can

exist in longitudinal health data, as transformers can only accept a certain sequence

length (512 or less). Recently, Ma et al. [129] used the Longformer (originally

proposed by Beltagy et al. [21]) to model multimodal EHR data encoding tem-

poral and sequential information with temporal cross-attention. The Longformer

uses sliding window attention and scales linearly to sequence length to enable the

processing of longer sequence lengths [21]. Similarly, Chauhan et al. [34] used

cross-attention to model lengthy sequences with transformers in EHR data in their

model called Perceiver. The model performed as well as baselines but was about

nine times more efficient in terms of computations. Given the continued growth of

longitudinal health data, dealing with lengthy sequences is an important area for

future work.

• Time-to-event, survival, and causal modelling. There are also opportunities for

improved time-to-event and causal modelling related to cancer. Researchers from

Stanford proposed a transformer-based time-to-event foundation model called Many

Outcome Time Oriented Representations (MOTOR) [222] that used EHR and claims

data. This model focused on estimating the time until an event occurs and showed

better predictions for cancer than other deep learning survival models. In related
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work, researchers from the University of Oxford, some of which were involved in

development of the BEHRT [119] model, have recently proposed a survival mod-

elling variant of BEHRT called TRisk [185], for predicting all-cause mortality. The

authors make a number of modifications to BEHRT for survival modelling, and val-

idate the TRisk model in predicting 36-month mortality for heart failure patients.

When analysing risk factors, it was found that cancer diagnoses, even 10 years ear-

lier, provided substantial predictive value, emphasising the impacts of cancer on

outcomes for heart failure patients. While this study focused on those with heart

failure, it it conceivable it could perform well in predicting survival for those with

cancer. Several of the authors from this study were also involved in development

of Targeted-BEHRT (or T-BEHRT) [187], designed to investigate causal modelling

of the effect of antihypertensive medicines on cancer risk in EHR data. According

to this research, T-BEHRT provided better estimates of relative risk than baselines

(from ground truth), providing another research avenue for potential exploration.

• Graph transformers. Another architecture that could be explored is the Graph

Transformer. Poulain and Beheshti [174] proposed GT-BERT, which used temporal

embeddings from a graph transformer with BERT for robust patient representations.

The model showed improvements on mortality and length of stay prediction over

BEHRT [119], CEHR-BEHRT [163], and their previously developed model based

on Generative Adversarial Networks (GANs) called CEHR-GAN-BERT [175].

Model Explainability/Interpretability

Given the high stakes nature of cancer (and healthcare), and the potential for decision

making to alter patient lives and outcomes, interpretable and explainable models are vital

for healthcare. Interpretability and explainability are frequently used interchangeably to

describe the ability to interpret or explain model predictions [127]. The study of this is

often referred to as eXplainable AI (XAI). There has been growing and varied use of XAI

methods with transformer-based models on longitudinal health data. For example, Lahlou

et al. [109] used the attention mechanism in the BRLTM model to provide model inter-

pretability. Lentzen et al. [116] used integrated gradients to investigate feature importance

in the ExMed-BERT model. Other research has used post-hoc interpretability with meth-

121



ods such as SHapely Additive exPlanations (SHAP) [54]. These approaches have been

commonly used across other transformer models in healthcare [132, 127]. Extending the

proposed methods in this research by integrating XAI methods can assist in providing

additional transparency and increased trust in deep learning models, particularly among

clinicians, and hence are another opportunity for future work.

Application to New Contexts and Diseases

Applying the proposed models in this research to new contexts and diseases can help

determine whether the benefits of transformers also carry to other settings. In terms of new

contexts, this can include new prediction tasks, populations, or data. There are a number

of outcomes that are of interest for cancer patients that were not explored in this research

- such as complications or side effects, cancer progression, cancer recurrence, or develop-

ment of subsequent cancers. Transformers may be able to improve the prediction of these

outcomes, particularly via fine-tuning. Recent work by He et al. [81] showed that adjust-

ing the fine-tuning task to better align with the pretrained model objectives can improve

prediction of pancreatic cancer. This suggests there are potential benefits in optimising

fine-tuning tasks to enhance downstream predictions. In addition, there are also several

other tasks that could be explored for evaluating pretrained transformers, such as survival

prediction, future hospitalisation risk, or patient deterioration. The use of multiple and

varied tasks for fine-tuning would help to understand how a pretrained model performs

with other objectives, informing potential foundation or generative models. GenAI can

also open up further opportunity for the investigation and testing of multiple scenarios or

hypotheses with respect to cancer pathways and care [193], and to better identify complex

or rare conditions [178].

Transformers can also be used for exploring predictions for the same task but within

different prediction windows. Literature has suggested there is lack of agreement on pre-

diction windows for cancer-related outcomes and recommends that various time windows

be investigated [147]. It is also important that transformers be investigated for differ-

ent cancer populations or cancer types. For example, models could be explored on the

priority populations identified in the Australian Cancer Plan [29], or for other common

cancers outside of breast and bowel cancer which were explored in Chapter 4. Further-

122



more, transformers could be evaluated in alternative datasets to enable external validation

and address this earlier noted limitation. Exploration with new data (particularly whole-

of-population data) also offers opportunity to address other cancer challenges, such as

identifying those at increased risk of developing cancer, who may benefit from additional

screening interventions.

Finally, while this research focused on the prediction of cancer-related outcomes,

other long-term diseases including chronic conditions face many of the same challenges

as cancer (i.e., complex, longitudinal, heterogeneous pathways). The transformer-based

strategies proposed in this thesis can be leveraged for other conditions to improve the

modelling of these pathways and patient predictions.

6.5 Further Challenges and Opportunities

While the above future directions reflect opportunities to improve the proposed trans-

former models in this research for longitudinal health data, in order to realise the benefits

of deep learning approaches, they ultimately need to be applied in the real world. This

requires several considerations that are beyond the immediate future directions of this

research, but are nonetheless essential for obtaining impact. This section discusses key

existing challenges and opportunities related to application of deep learning models to

healthcare. It aims to provide guidance and recommendations for researchers and stake-

holders to enhance the development and implementation of AI-based predictive models

for cancer and healthcare more broadly.

Data Availability

In order to develop deep learning models for real-world use, data needs to be available.

Many models, including those in this research, are typically trained and evaluated on

retrospective data, that varies in its currency (how recent it is) and size. Cancer registries

in Australia (which capture cancer incidence) currently experience long lag times of up

to 24 months before official reporting [5]. This is primarily due to quality control and

verification processes to confirm cancer diagnoses, however it consequently results in

outdated data, trends, and modelling. Ideally, cancer data needs to be current and available

for analysis to enable real-time or near-time predictive capability. In addition, cancer data
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preferably needs to be large to maximise the benefits of using deep learning models, and

have diversity in its populations and cancer types, as this will facilitate more versatile AI

models in oncology [23].

It is therefore important to seek opportunities for further linkage of cancer data that is

both current and comprehensive. For example, the creation of national linked cancer data

in Australia would provide larger and more diverse data for exploring cancer pathways

and developing predictive models. This would help overcome the dataset size limitations

noted for this research. Furthermore, the inclusion of more detailed clinical data (such

as general practice or primary care data) has potential to provide more comprehensive

information related to cancer care and can also help overcome the lack of specificity in

administrative claims data (particularly for chronic conditions) [35, 63]. Exploration of

international data sources with similar healthcare systems to Australia could also poten-

tially support these objectives, as the aggregation of national and international data offers

benefits for the development of a global set of predictive variables for cancer studies [173].

In lieu of the above, methods can continue to utilise existing cancer or linked health

datasets to demonstrate their potential, and further explore methods such as transfer learn-

ing in instances where datasets are small. Data such as PLIDA (used in Chapter 5) or the

National Health Data Hub (NHDH)2 could be further leveraged within Australia to better

understand general health and patient pathways at the national level. These data assets can

also be linked to cancer-specific data such as cancer registry or patient reported outcomes

to enhance cancer research. In addition, recent work has found that data collected up to

three months post cancer diagnosis is representative of diagnoses verified 24 months later

[5]. This could be explored as a potential approach for early identification of cancer cases

to support the development of more up-to-date modelling.

Another avenue that does not require linked data but can still leverage large-scale

health information is federated learning. Federated learning provides a machine learning-

based framework to learn shared models across sites without requiring direct access to the

data [124]. This enables model training on larger and more diverse data and helps over-

come data privacy and sharing challenges [124, 1]. Federated learning has been shown

2 https://www.aihw.gov.au/reports-data/nhdh
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to improve the prediction of patient outcomes such as early cancer diagnosis for breast,

lung, and colon cancer, and hospitalisation due to heart disease [124, 1]. Federated learn-

ing has also been combined with foundation models to create federated foundation models

[123]. This has great promise for more personalised care as foundation models that are

trained with federated learning can reveal new biomarkers and therapeutic agents [117].

Federated learning thus enhances the application of foundation models and offers scal-

able solutions that can address growing foundation models with new data and guide more

efficient learning [254, 117]. Federated learning also offers opportunity for a more collab-

orative learning process through leveraging AI Agents, by integrating federated founda-

tion models and collective intelligence in federated intelligence [123]. This supports the

development of an intelligent collaborative platform that could share knowledge across

organisations or institutions to enhance capability in instances where data sharing is chal-

lenging or not feasible [123]. This opportunity could therefore be explored to aid in

development of AI models across the healthcare system.

Ethics and Regulation

When developing deep learning models in healthcare, it is essential to consider the

ethical and regulatory challenges and landscape. The use of AI models pose a number

of ethical issues - including awareness of use, consent to AI use, bias and fairness, trans-

parency, accountability etc. Protecting the privacy and security of healthcare data is also

critical for AI model development and use [257], with specific guidance released in Aus-

tralia on privacy and developing and training generative AI models3. Australia’s AI Ethics

Principles4 detail the key ethics principles to consider to ensure that AI is safe, secure, and

reliable. These ethics principles have been the basis for much of the guidance in Australia

in the last few years to support the responsible use of AI. For example, the principles align

with the Voluntary AI Safety Standard5, which guides safe and responsible use of AI in

Australia through ten AI guardrails. Similarly, the Pilot Assurance Framework6 facilitates

3 https://www.oaic.gov.au/privacy/privacy-guidance-for-organisations-and-government-
agencies/guidance-on-privacy-and-developing-and-training-generative-ai-models

4 https://www.industry.gov.au/publications/australias-artificial-intelligence-ethics-principles/australias-
ai-ethics-principles

5 https://www.industry.gov.au/publications/voluntary-ai-safety-standard
6 https://www.digital.gov.au/policy/ai/pilot-ai-assurance-framework
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impact assessment of AI-based opportunities against the ethics principles. The assurance

framework should also be applied together with the Policy for responsible use of AI in

government and the recently released Technical Standards for government’s use of AI7.

As models are developed and implemented into healthcare, they should comply with

relevant guidance, principles, and regulations. For example, if foundation models are clas-

sified as Software-as-a-Medical-Device [243], they would need to consider Australia’s

regulation of medical device software including AI8. Those working across AI in health-

care in Australia will need to be aware of, and understand, obligations, as AI regulation

and standards in healthcare is an evolving landscape [257]. There are already indications

that additional regulation is needed for AI, as documented in the Safe and Responsible

AI in Health Care - Legislation and Regulation Review9. It will therefore be important

to maintain awareness and currency in this expanding space. While regulation does offer

opportunity for more clarity and standardisation of AI models in healthcare, it needs to be

balanced to support innovation.

One opportunity to offer a more balanced approach could be to adjust requirements

based on progress of AI system development. This could include less stringent require-

ments on exploratory or proof-of-concept AI approaches to encourage experimentation.

Then, once AI methods have been evaluated and determined to offer potential benefits,

additional requirements could be incorporated that ensure compliance before real-world

use or larger roll-out. This would facilitate the ability to more rapidly and efficiently as-

sess potential AI methods while not increasing risk, which aligns with existing AI policies

in Australia that encourage early-stage experimentation to embrace AI opportunities and

accelerate AI adoption10. In addition, targeted pilot projects and studies with longitudinal

health data are critical to evaluate potential real-world effectiveness, sustainability, and

scalability of AI systems in healthcare [45, 57]. Enhanced AI experimentation can also

help encourage implementation of AI research into practice. Literature suggests that ma-

jority of existing AI research in healthcare is at the preclinical stage and does not have

7 https://www.digital.gov.au/policy/ai
8 https://www.tga.gov.au/news/news/tga-ai-review-outcomes-report-published
9 https://www.tga.gov.au/sites/default/files/2025-07/safe-and-responsible-artificial-intelligence-in-

health-care-legislation-and-regulation-review-final-report.pdf
10 https://www.digital.gov.au/policy/ai
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real-world validation, limiting its likelihood for impact [45]. This emphasises the need for

exploration projects and small-scale implementation to demonstrate likely benefits before

investment into wide-scale application or deployment.

Transparency and Trust

Transparency and trust of predictive models are critical in healthcare and are an impor-

tant part of ethical AI. Trustworthiness and reliability of deep learning models is a concern

[127], particularly given their ”black-box” nature. Literature indicates that oncologists

and pathologists have scepticism about the insights from AI models [257]. Healthcare

professionals also have concerns related to legal liability and accountability in the in-

stance of clinical errors where AI is used [82]. This is a challenging issue as it has been

argued that placing sole responsibility on clinicians for AI-based decisions may not be

appropriate, as clinicians do not have control over an AI model or its recommendations

[143]. Nevertheless, health practitioners must continue to meet professional obligations

when using AI in Australia11, necessitating the need for transparency and trust in AI for

healthcare

Providing explainable models through XAI approaches can help provide model trans-

parency, build trust, and identify potential model flaws [132]. It can also help identify

predictors for outcomes that can be compared to existing knowledge or may reveal new

unknown risk factors. A recent study using the Transformer with XAI for lung cancer

prediction indicated that their explainability approach discovered a number of symptoms,

co-morbid conditions, and procedures related to lung cancer diagnosis [236]. However,

research has indicated there is no agreed definition of ’explainability’, no standard best

practice approaches, and existing methods each have limitations [132]. For example,

attention weights may not necessarily reflect feature importance, and SHAP can be com-

putationally infeasible [127]. While there are a range of other approaches such as coun-

terfactual or perturbation explanations, or visualisation via heatmaps, the XAI field is

still immature in healthcare [127]. It will be important to continue observation of XAI

development, and as the field continues to grow, it is expected that explainability for

transformers will also improve.

11 https://www.ahpra.gov.au/Resources/Artificial-Intelligence-in-healthcare.aspx
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In addition, it will be essential to work with the end user (such as clinicians and pol-

icymakers) to understand their needs and develop their AI literacy in terms of elements

related to XAI of deep learning models. This would align with recommendations for ex-

plainability to be based both on the model and the requirements of the end user (clinicians,

researcher, policymaker) to understand the prediction rationale [127]. Seneviratne et al.

[204] suggest that a key issue related to trust and safety is not necessary interpretability

(which is often blamed for lack of trust), but is rather the lack of evidence to demon-

strate the safety and effectiveness in the real-world. The authors draw a comparison to

medicines, where the biological mechanism may not be fully understood, but studies have

verified the safety and efficacy. This highlights the importance of considering the needs

and requirements of the decision maker in determining appropriate explainability and fos-

tering trust.

Real-World Validation and Evaluation

Throughout model experimentation and development, real-world validation and eval-

uation should be considered. Validation refers to the process of determining whether a

model is adequate for its intended use and is a broader definition of validation that en-

compasses model bias, fairness, and generalisability [201]. Models that are intended

for real-world use in healthcare (such as for clinical decision support or population health

management) need to be assessed for bias and fairness to ensure they do not carry through

existing biases from the training data [257]. Left unaddressed, this can lead to inaccurate

predictions, which could exacerbate healthcare disparities for gender groups or under-

represented racial, ethnic, socioeconomic, or remote populations [257]. This has already

been demonstrated in claims data where a model over-predicted readmission across race

and gender subgroups [109].

Resolving issues of bias and fairness is not as simple as removing features from mod-

els. This was shown in a study that investigated racial and ethnic bias in prediction models

for colorectal cancer recurrence, which found greater predictive performance and algo-

rithm fairness when these features were included in models [102]. It also found that

removing information related to ethnicity led to poorer predictions. Evaluating and ad-

dressing bias and fairness is thus crucial for deep learning predictive models. Hazanzadeh
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et al. [80] provide a detailed overview of bias in healthcare applications and suggest mit-

igations across all aspects of the model lifecycle. Cross and colleagues [49] also provide

a detailed overview of bias in medical AI, summarising the implications and suggested

solutions.

As mentioned previously, generalisability of models is also important. Models need

to be validated in diverse data and across multiple institutions to ensure robustness and

consistency across clinical settings [257, 23]. Models also should be compared to, and

validated against, the existing methods in current practice to understand whether models

can provide performance on par, or above, the status quo. For cancer, this could include

comparing against an existing clinically utilised cancer prognostic tools. Existing research

has suggested that much of the AI research in oncology is experimental, without clinical

validation [130]. This indicates a gap in our understanding of how AI can actually impact

patient outcomes [44, 125]. Therefore, real-world studies such as controlled clinical trials

are needed to examine and evaluate the use of AI in healthcare and better understand its

potential real-world benefits in terms of clinically useful metrics [208, 125]. Extensive

validation will assist in building confidence and credibility into predictive models, which

will enhance their likelihood for real-world use.

Deployment and Monitoring

In addition to validation and evaluation, models need to be capable of being deployed

in applicable settings and monitored over time. It is not straightforward to integrate mod-

els into existing clinical workflows and systems, as this requires infrastructure, experts,

and processes that can provide actionable outputs of models to end users (e.g., clinicians,

policymakers) for consideration [125]. Furthermore, performance of a prediction model

can deteriorate over time due to data drift (or data shift), where the training data differs

from the data the model is applied to in the real world [200]. In healthcare, this can occur

due to a range of reasons such as changes in populations, disease epidemiology, or care

practices or policies [111, 200]. Due to healthcare data typically being smaller and nois-

ier than other data used for deep learning, as well as the risk poor models could pose to

health outcomes, is it essential to implement monitoring for models to ensure continuous

effectiveness and safety [65].
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To facilitate model monitoring, examining the data, evaluating susceptibility to data

drift, and implementing procedures for automatic model retraining can be investigated.

For example, monitoring can look at whether there are changes to the predictor variable,

the input variables, and/or the relationships between the two [65]. For managing data drift,

transfer learning can be leveraged via pretrained or foundation models. Recent research in

EHR data has suggested that transformer and recurrent foundation models are more robust

than logistic regression against temporal distribution shift [74]. This study also found that

foundation models based on transformers continued to show improvements as pretraining

data increased. In further support of this, a recent study used transfer learning to help

maintain model performance during monitoring. Lam and colleagues [111] developed

and deployed a prediction model for respiratory failure for patients in the hospital ICU.

They used a predetermined change control plan for model monitoring, requiring a model

to fine-tune when performance dropped below a predetermined threshold. This provides

another example of the potential for transfer learning to support model robustness and

performance.

Despite these use cases, the literature has suggested that methods for updating clinical

models are only in their infancy, and there are limited studies evaluating model monitor-

ing in medical data [111]. In addition, there are challenges specific to clinical AI models

such as long-term gaps between predictions and outcomes (e.g., mortality or cancer recur-

rence) and AI-induced confounding, where clinicians change their care plan based on the

model prediction [65]. Further research is therefore needed in this space to help inform

and design appropriate monitoring techniques, and ensure models remain effective and

reliable after deployment.

Translation and Implementation Science

Finally, it is important to consider translation and implementation science, as these can

support the generation of impact from deep learning models in healthcare. While much

research has demonstrated the benefits of deep learning, implementation into practice

has, in general, lagged behind other fields [131]. Both the use and likely benefits of deep

learning in healthcare is still not well understood [193]. Leveraging frameworks related

to implementation science can facilitate translation and help realise the potential of AI.
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Implementation science is a field of research that is focused on the development and

testing of strategies that help translate evidence into practice [87]. In healthcare, it aims

to enhance the adoption and implementation of evidence into clinical and public health

practice [87].

One well-known and utilised framework is the Consolidated Framework for Imple-

mentation Research (CFIR), which can be used to understand the barriers and facilitators

of an innovation. Many of the reported barriers align with those discussed earlier in this

section (i.e., data, trust, ethics etc) [42], however studies leveraging frameworks from

implementation science have identified additional barriers and facilitators. For example,

Swart et al. [225] used CFIR to develop an implementation science approach to enhance

models for radiotherapy. The study found that knowledge and education of AI concepts,

trust in AI systems, a multidisciplinary approach, and stakeholder involvement were fa-

cilitators for implementation. Preti et al. [177] also used CFIR in a systematic review

of studies related to implementation of machine learning in healthcare. They found that

organisational culture and early engagement of stakeholders was important for implemen-

tation of machine learning models.

Other research has suggested tailored frameworks or the use of other frameworks for

implementation of AI into healthcare. For example, Adnan et al. [2] proposed their own

framework, called the Health xAI Implementation Framework, to support implementation

of AI in healthcare. Reddy [193] proposes the use of two alternative frameworks to help

transition healthcare to leverage AI. This paper suggests that factors such as perception,

attitudes, and intent to use can affect implementation, along with social influence from

regulations, ethical principles, and overall healthcare policy [193]. Clinician and patient

perception of what is AI has also been identified in another study [131]. Furthermore, a

recent study exploring the concerns of medical AI for health care professionals suggested

that extensive education, regulation, and separation of roles is necessary to address cur-

rent resistance [13]. All these noted barriers and facilitators indicate the complexity of

applying AI in healthcare and the need for implementation science.

Despite the reference of varying frameworks, what all of the above have in common

is the importance of transdisciplinary collaboration and involvement. Collaboration be-
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tween machine learning developers and stakeholders has been identified as key for im-

plementation, and stakeholders should be involved from initiation and throughout model

development [131]. It is therefore encouraged that AI researchers, government, health-

care stakeholders, and implementation experts, engage in collaborations to help bridge the

translational gap between AI and healthcare. While this research contributes to this space

through cross-disciplinary stakeholder collaboration, continued industry-based research,

and a deeper focus on implementation science are important next steps [190, 122, 257, 8].

6.6 Concluding Remarks

This research focused on the development of more effective transformers for cancer

pathways modelling in longitudinal health data. Through experimental studies, the ad-

vantages of leveraging multi-task learning, longitudinal patient modelling of claims data,

and transfer learning are demonstrated with transformers to address the challenges of

modelling cancer pathways. The approaches proposed not only enhance the accuracy of

predicting cancer-related outcomes, but provide more flexible and data-efficient models

for a more holistic understanding of cancer in longitudinal health data. This supports the

development of a comprehensive cancer pathways modelling framework that can benefit

the evolution towards large-scale generalised foundation models and generative systems

to further improve healthcare. Overall, this work confirms the value of a longitudinal

health transformer in capturing the complex relationships between patient and health-

care system, offering a promising basis for advancing the modelling of cancer and other

chronic diseases to improve patient care and outcomes.
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Appendix A

Supplementary Material

Chapter 5: Pretrained Transformer for Claims Data to Predict

Chronic Conditions for Cancer Patients with Limited Data

A.1 Results of the Pretraining Objectives

We report the results of the pretraining objectives for each of the strategies in Table

A.1, and the training performance for the MCM objective in Fig. A.1. While we note the

best MCM precision may appear low (being 49.4%), the score is not far below the preci-

sion of the BEHRT model (54.6%) on EHR data with 1916 possible diagnoses [199]. Our

method must predict from 3939 possible claims items, making it an even more complex

pretraining task. In addition, the performance of the MCM objective during pretraining

(see Fig. A.1) continues to increase over the 50 epochs, suggesting that further perfor-

mance gains may be possible with additional model training. For the pretraining strategies

that use the future claims items objectives, we find that the LMP-based models achieve

higher accuracy than training via NMP, likely reflecting the simpler prediction task.

Table A.1 : Results of the objectives for each pretraining strategy, presented as average
precision or accuracy @ top k.

Pretraining Prec. Acc. @ top k for NML/LMP Prec. for age
Strategy for MCM k=1 k=5 k=10 k=15 k=20 group prediction
MCM 49.4 - - - - - -
MCM+Age 48.7 - - - - - 95.7
MCM+LMP 47.4 35.0 83.1 96.1 98.8 99.5 -
LMP - 36.1 84.3 96.8 99.2 99.7 -
NMP - 26.2 71.4 88.0 93.6 96.0 -

133



Figure A.1 : Performance during training for the MCM Pretraining Objective.

A.2 Additional Performance Metrics for Pretraining Strategies

The precision, recall, and accuracy for the multimorbidity tasks are reported in Table A.2.

Table A.2 : Precision, recall and accuracy metrics for the multimorbidity (MM) task on
the NHS cohort (MM), NHS cohort 65+ (MM 65+) and the NHS cohort 65+ with cancer
or mental health conditions (MM 65+ w/ Can or MH). Performance metrics are average
(standard deviation).

Pretraining MM MM 65+ MM 65+ w/ Can or MH

Strategy Pre. Rec. Acc. Pre. Rec. Acc. Pre. Rec. Acc.

MCM 88.4 (3.6) 61.4 (1.6) 93.1 (0.6) 81.8 (10.0) 70.5 (4.4) 81.4 (2.5) 96.9 (3.8) 71.4 (9.0) 85.7 (2.6)

MCM+Age 88.6 (0.6) 52.1 (3.0) 91.8 (0.5) 94.4 (2.1) 58.8 (5.4) 82.1 (1.5) 97.5 (4.3) 78.3 (6.1) 89.1 (2.8)

MCM+LMP 91.7 (1.3) 52.9 (4.1) 92.3 (0.5) 98.4 (0.6) 53.1 (6.4) 80.9 (2.5) 99.3 (1.2) 63.6 (3.4) 83.1 (1.5)

LMP 92.8 (3.7) 53.5 (3.0) 92.4 (0.3) 98.3 (1.5) 50.2 (3.4) 79.7 (1.2) 94.3 (5.7) 69.2 (11.1) 83.7 (2.8)

NMP 97.0 (1.1) 52.0 (3.5) 92.6 (0.6) 99.6 (0.6) 53.4 (6.4) 81.3 (2.5) 100.0 (0.0) 67.9 (4.6) 85.3 (2.1)
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A.3 Standard Deviations for Single Condition Predictions

Tables A.3 and A.4 show the standard deviation of the F1 and AUC performance metrics

for the single condition prediction tasks.

Table A.3 : Standard deviations of F1 and AUC metrics on single condition predictions
for the cancer cohort. Results are average.

Model Diab HC HT HSVD BP MH
F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC

CF (1.8) (1.5) (16.4) (7.9) (4.9) (4.3) (4.3) (3.4) (6.7) (3.8) (6.4) (3.1)
CF+Age (2.0) (1.6) (8.6) (3.2) (6.9) (5.4) (14.8) (7.1) (3.3) (1.6) (7.3) (2.6)
Naive T (8.9) (2.2) (11.1) (7.4) (4.7) (5.3) (7.9) (4.9) (25.4) (1.2) (1.6) (1.1)
GB (2.8) (1.8) (0.8) (0.5) (2.6) (1.9) (2.3) (1.2) (0.5) (0.4) (3.0) (1.2)
LR (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0)
RF (2.5) (1.5) (3.4) (0.9) (3.1) (1.9) (2.7) (1.0) (4.8) (1.4) (0.0) (0.0)

Table A.4 : Standard deviations of F1 and AUC metrics on single condition predictions
for the mental health cohort. Results are average.

Model Diab HC HT HSVD BP Can
F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC

CF (0.0) (0.0) (11.7) (7.2) (3.4) (5.9) (8.3) (5.9) (8.7) (4.1) (9.6) (5.7)
CF+Age (5.2) (4.8) (7.1) (3.0) (9.5) (8.1) (9.4) (5.1) (3.5) (2.4) (11.1) (3.9)
Naive T (3.3) (2.1) (4.7) (8.9) (37.5) (0.0) (8.3) (8.8) (0.0) (0.0) (26.9) (0.0)
GB (0.0) (0.0) (0.0) (0.0) (1.2) (0.8) (0.0) (0.0) (7.1) (2.4) (3.3) (1.2)
LR (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0)
RF (5.1) (3.1) (0.0) (0.0) (2.8) (1.5) (4.4) (1.3) (5.1) (1.7) (8.2) (2.4)
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A.4 Additional Performance Metrics for Single Condition Predictions

Tables A.5 and A.6 show the precision, recall and accuracy metrics for the single condi-

tion prediction tasks.

Table A.5 : Precision, recall and accuracy metrics on single condition predictions for the
cancer cohort. Performance metrics are average (standard deviation).

Model Diab HC HT
Pre. Rec. Acc. Pre. Rec. Acc. Pre. Rec. Acc.

CF 100.0 (0.0) 80.7 (3.1) 96.8 (0.5) 78.3 (19.3) 47.5 (23.6) 78.8 (1.8) 100.0 (0.0) 86.4 (8.8) 93.5 (4.2)
CF+Age 100.0 (0.0) 77.2 (3.0) 96.2 (0.5) 88.8 (9.8) 26.3 (7.6) 77.3 (1.4) 100.0 (0.0) 80.9 (10.9) 90.9 (5.2)
Naive T 80.0 (17.4) 91.2 (3.0) 94.1 (3.6) 48.8 (4.0) 57.6 (19.9) 70.5 (2.3) 75.8 (5.8) 92.0 (2.8) 82.0 (5.4)
GB 71.0 (2.5) 86.0 (3.1) 91.8 (1.0) 75.8 (1.3) 53.5 (1.7) 81.4 (0.0) 92.5 (0.4) 68.5 (3.7) 82.3 (1.8)
LR 100.0 (0.0) 73.7 (0.0) 95.6 (0.0) 78.6 (0.0) 33.3 (0.0) 77.9 (0.0) 97.0 (0.0) 59.3 (0.0) 79.6 (0.0)
RF 100.0 (0.0) 56.1 (3.1) 92.7 (0.5) 66.7 (57.7) 2.0 (1.7) 71.4 (0.5) 100.0 (0.0) 58.0 (3.9) 79.9 (1.8)

HSVD BP MH
Pre. Rec. Acc. Pre. Rec. Acc. Pre. Rec. Acc.

CF 93.9 (10.5) 53.6 (9.5) 87.4 (0.5) 76.4 (12.5) 47.2 (7.4) 78.2 (3.6) 71.8 (28.0) 37.5 (11.0) 81.6 (4.6)
CF+Age 95.6 (3.9) 41.7 (14.9) 85.1 (3.1) 95.2 (8.3) 33.3 (2.8) 78.2 (1.3) 91.7 (14.4) 15.3 (4.8) 81.9 (1.3)
Naive T 66.4 (11.9) 52.4 (16.1) 80.7 (3.5) 32.9 (33.4) 35.2 (56.2) 56.3 (21.2) 39.3 (2.4) 43.1 (2.4) 74.0 (1.3)
GB 91.5 (3.5) 51.2 (2.1) 86.8 (0.9) 79.0 (3.7) 27.8 (0.0) 74.6 (0.5) 100.0 (0.0) 26.4 (2.4) 84.5 (0.5)
LR 92.3 (0.0) 42.9 (0.0) 85.1 (0.0) 82.4 (0.0) 38.9 (0.0) 77.9 (0.0) 100.0 (0.0) 25.0 (0.0) 84.2 (0.0)
RF 100.0 (0.0) 22.6 (2.1) 84.3 (6.3) 100.0 (0.0) 8.3 (2.8) 70.8 (0.9) 0.0 (0.0) 0.0 (0.0) 78.9 (0.0)

Table A.6 : Precision, recall and accuracy metrics on single condition predictions for the
mental health cohort. Performance metrics are average (standard deviation).

Model Diab HC HT
Pre. Rec. Acc. Pre. Rec. Acc. Pre. Rec. Acc.

CF 100.0 (0.0) 87.5 (0.0) 97.5 (0.0) 85.4 (6.0) 55.1 (13.5) 82.3 (5.1) 81.5 (17.2) 83.3 (10.9) 80.6 (6.5)
CF+Age 100.0 (0.0) 89.6 (9.6) 97.9 (1.9) 100.0 (0.0) 29.5 (5.9) 76.8 (1.9) 94.4 (9.6) 76.3 (9.1) 86.5 (8.0)
Naive T 97.8 (3.9) 89.6 (3.6) 97.5 (1.3) 36.3 (14.2) 83.3 (25.6) 52.3 (18.0) 32.1 (27.8) 66.7 (57.7) 49.4 (2.2)
GB 85.7 (0.0) 75.0 (0.0) 92.4 (0.0) 100.0 (0.0) 23.1 (0.0) 74.7 (0.0) 100.0 (0.0) 59.6 (1.5) 80.6 (0.8)
LR 100.0 (0.0) 75.0 (0.0) 94.9 (0.0) 92.3 (0.0) 46.2 (0.0) 81.0 (0.0) 100.0 (0.0) 55.3 (0.0) 78.5 (0.0)
RF 100.0 (0.0) 56.2 (6.3) 91.1 (1.3) 100.0 (0.0) 7.7 (0.0) 69.6 (0.0) 100.0 (0.0) 46.5 (3.1) 74.2 (1.4)

HSVD BP Can
Pre. Rec. Acc. Pre. Rec. Acc. Pre. Rec. Acc.

CF 79.9 (18.2) 55.6 (14.5) 83.8 (3.3) 100.0 (0.0) 37.6 (8.2) 75.5 (3.2) 74.8 (22.8) 45.8 (4.2) 78.1 (6.3)
CF+Age 96.7 (5.8) 46.0 (9.9) 85.4 (2.8) 90.0 (17.3) 23.7 (1.8) 68.8 (2.7) 95.8 (7.2) 19.5 (8.7) 75.1 (1.9)
Naive T 46.4 (17.4) 68.2 (27.9) 62.1 (24.8) 0.0 (0.0) 0.0 (0.0) 60.8 (0.0) 10.1 (17.6) 33.3 (57.7) 56.5 (22.6)
GB 100.0 (0.0) 42.9 (0.0) 85.0 (0.0) 100.0 (0.0) 17.2 (4.9) 67.5 (1.9) 81.1 (1.9) 18.1 (2.4) 73.8 (0.8)
LR 100.0 (0.0) 33.3 (0.0) 82.5 (0.0) 88.9 (0.0) 25.8 (0.0) 69.6 (0.0) 100.0 (0.0) 33.3 (0.0) 79.7 (0.0)
RF 100.0 (0.0) 11.1 (2.8) 76.6 (0.8) 100.0 (0.0) 12.9 (3.2) 65.8 (1.3) 100.0 (0.0) 9.7 (4.8) 72.6 (1.4)
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learning for optimized individual survival prediction in resectable upper

gastrointestinal cancer. Journal of Cancer Research and Clinical Oncology 149

(05 2022)

[99] Kann, B.H., Hosny, A., Aerts, H.J.W.L.: Artificial intelligence for clinical

oncology. Cancer Cell 39(7), 916–927 (Jul 2021)

[100] Keskar, N.S., Mudigere, D., Nocedal, J., Smelyanskiy, M., Tang, P.T.P.: On

large-batch training for deep learning: Generalization gap and sharp minima

(2017), https://arxiv.org/abs/1609.04836

[101] Khan, S.H., Naseer, M., Hayat, M., Zamir, S.W., Khan, F.S., Shah, M.:

Transformers in vision: A survey. CoRR abs/2101.01169 (2021),

https://arxiv.org/abs/2101.01169

[102] Khor, S., Haupt, E.C., Hahn, E.E., Lyons, L.J.L., Shankaran, V., Bansal, A.:

Racial and ethnic bias in risk prediction models for colorectal cancer recurrence

when race and ethnicity are omitted as predictors. JAMA Netw. Open 6(6),

e2318495 (Jun 2023)

149

https://arxiv.org/abs/1609.04836
https://arxiv.org/abs/2101.01169


[103] Khosravi, M., Zare, Z., Mojtabaeian, S.M., Izadi, R.: Artificial intelligence and

decision-making in healthcare: A thematic analysis of a systematic review of

reviews. Health Serv. Res. Manag. Epidemiol. 11, 23333928241234863 (Jan

2024)

[104] Kingma, D.P., Ba, J.: Adam: A method for stochastic optimization (2017)

[105] Kodialam, R.S., Boiarsky, R., Lim, J., Dixit, N., Sai, A., Sontag, D.: Deep

contextual clinical prediction with reverse distillation (2020),

https://arxiv.org/abs/2007.05611

[106] Kolla, L., Parikh, R.B.: Uses and limitations of artificial intelligence for oncology.

Cancer 130(12), 2101–2107 (Jun 2024)

[107] Kraljevic, Z., Bean, D., Shek, A., Bendayan, R., Hemingway, H., Yeung, J.A.,

Deng, A., Baston, A., Ross, J., Idowu, E., Teo, J.T., Dobson, R.J.: Foresight –

generative pretrained transformer (gpt) for modelling of patient timelines using

ehrs (2023), https://arxiv.org/abs/2212.08072

[108] Kuan, V., Denaxas, S., Gonzalez-Izquierdo, A., Direk, K., Bhatti, O., Husain, S.,

Sutaria, S., Hingorani, M., Nitsch, D., Parisinos, C.A., Lumbers, R.T., Mathur, R.,

Sofat, R., Casas, J.P., Wong, I.C.K., Hemingway, H., Hingorani, A.D.: A

chronological map of 308 physical and mental health conditions from 4 million

individuals in the english national health service. Lancet Digit. Health 1(2),

e63–e77 (Jun 2019)

[109] Lahlou, C., Crayton, A., Trier, C., Willett, E.: Explainable health risk predictor

with transformer-based medicare claim encoder (2021),

https://arxiv.org/abs/2105.09428

[110] Lal, A., McCaffrey, N., Gold, L., Roder, D., Buckley, E.: Variations in utilisation

of colorectal cancer services in south australia indicated by MBS/PBS benefits: a

benefit incidence analysis. Aust. N. Z. J. Public Health 46(2), 237–242 (Apr 2022)

[111] Lam, J.Y., Lu, X., Shashikumar, S.P., Lee, Y.S., Miller, M., Pour, H., Boussina,

A.E., Pearce, A.K., Malhotra, A., Nemati, S.: Development, deployment, and

150

https://arxiv.org/abs/2007.05611
https://arxiv.org/abs/2212.08072
https://arxiv.org/abs/2105.09428


continuous monitoring of a machine learning model to predict respiratory failure

in critically ill patients. JAMIA Open 7(4), ooae141 (12 2024).

https://doi.org/10.1093/jamiaopen/ooae141

[112] Lan, Z., Chen, M., Goodman, S., Gimpel, K., Sharma, P., Soricut, R.: Albert: A

lite bert for self-supervised learning of language representations (2020),

https://arxiv.org/abs/1909.11942

[113] Lawrence, D., Hancock, K.J., Kisely, S.: The gap in life expectancy from

preventable physical illness in psychiatric patients in western australia:

retrospective analysis of population based registers. BMJ 346 (2013)

[114] Le, T.L.T., Thome, N., Bernard, S., Bismuth, V., Patoureaux, F.: Multitask

classification and segmentation for cancer diagnosis in mammography (2019),

https://arxiv.org/abs/1909.05397

[115] Lee, J., Panagiotelis, A., Cairns, R., Wheate, N.J.: An analysis of the trends in the

usage of pharmaceutical benefits scheme-subsidised cancer drugs in australia

from 2012 to 2022. J. Cancer Res. Clin. Oncol. 150(8), 375 (Jul 2024)

[116] Lentzen, M., Linden, T., Veeranki, S., Madan, S., Kramer, D., Leodolter, W.,
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[122] Liz-López, H., de Sojo-Hernández, Á.A., D’Antonio-Maceiras, S., Dı́az-Martı́nez,

M.A., Camacho, D.: Deep learning innovations in the detection of lung cancer:

Advances, trends, and open challenges. Cognit. Comput. 17(2) (Apr 2025)

[123] Long, G.: The rise of federated intelligence: from federated foundation models

toward collective intelligence. In: Proceedings of the Thirty-Third International

Joint Conference on Artificial Intelligence. pp. 8547–8552 (2024)

[124] Long, G., Shen, T., Tan, Y., Gerrard, L., Clarke, A., Jiang, J.: Federated learning

for privacy-preserving open innovation future on digital health. In: Humanity

driven AI: productivity, well-being, sustainability and partnership, pp. 113–133.

Springer (2021)

[125] Lotter, W., Hassett, M.J., Schultz, N., Kehl, K.L., Van Allen, E.M., Cerami, E.:

Artificial intelligence in oncology: Current landscape, challenges, and future

directions. Cancer Discov. 14(5), 711–726 (May 2024)

[126] Luo, J., Ye, M., Xiao, C., Ma, F.: Hitanet: Hierarchical time-aware attention

networks for risk prediction on electronic health records. In: Proceedings of the

26th ACM SIGKDD International Conference on Knowledge Discovery & Data

Mining. p. 647–656. KDD ’20, Association for Computing Machinery, New York,

NY, USA (2020). https://doi.org/10.1145/3394486.3403107

[127] Lyu, D., Wang, X., Chen, Y., Wang, F.: Language model and its interpretability in

biomedicine: A scoping review. iScience 27(4), 109334 (Apr 2024)

152

https://arxiv.org/abs/1703.03130


[128] Ma, F., Chitta, R., Zhou, J., You, Q., Sun, T., Gao, J.: Dipole: Diagnosis

prediction in healthcare via attention-based bidirectional recurrent neural

networks. In: SIGKDD. pp. 1903–1911. ACM (Aug 2017)

[129] Ma, Y., Kolla, S., Kaliraman, D., Nolan, V., Hu, Z., Guan, Z., Ren, Y., Armfield,

B., Ozrazgat-Baslanti, T., Loftus, T.J., Rashidi, P., Bihorac, A., Shickel, B.:

Temporal cross-attention for dynamic embedding and tokenization of multimodal

electronic health records (2024), https://arxiv.org/abs/2403.04012

[130] Macheka, S., Ng, P.Y., Ginsburg, O., Hope, A., Sullivan, R., Aggarwal, A.:

Prospective evaluation of artificial intelligence (AI) applications for use in cancer

pathways following diagnosis: a systematic review. BMJ Oncol. 3(1), e000255

(May 2024)

[131] MacKay, C., Klement, W., Vanberkel, P., Lamond, N., Urquhart, R., Rigby, M.: A

framework for implementing machine learning in healthcare based on the concepts

of preconditions and postconditions. Healthc. Anal. (N. Y.) 3(100155) (Nov 2023)

[132] Madan, S., Lentzen, M., Brandt, J., Rueckert, D., Hofmann-Apitius, M., Fröhlich,
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