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Abstract 

 

Objectives: To navigate the field of digital cancer care and define and discuss key aspects and 

applications of big data analytics, artificial intelligence (AI), and data-driven interventions. 

 

Data Sources: Peer-reviewed scientific publications and expert opinion.  

 

Conclusion: The digital transformation of cancer care, enabled by big data analytics, AI, and data-

driven interventions, presents a significant opportunity to revolutionize the field. An increased 

understanding of the lifecycle and ethics of data-driven interventions will enhance development of 

innovative and applicable products to advance digital cancer care services. 
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patient education around big data and AI, with a focus on addressing any arising questions, 

concerns, or misconceptions to foster trust in these technologies. Successful integration of data-

driven innovations into oncology nursing practice will empower practitioners to deliver more 

personalized, effective, and evidenced-based care. 
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Introduction 

 

Gradual advances in digital technology over the last 20 years have resulted in an increase research 

on the digital transformation of healthcare1–4   and implementation of digital health.5,6   While one 

could argue that the digital transformation of healthcare is concerned more with the evolution of 

healthcare as an industry (e.g., evolution in processes, business model, domain applications, cultural 

and organizational changes), digital health is more concerned with the practical applications of 

digital technologies in clinical care and their use in everyday healthcare practices.4,7   

 

The surge in these applications is only feasible because of changes across several domains. First, 

the exponential increase in the use of digital devices that create and/or capture data, as well as the 

expansion of data storage capacities and computational power, have allowed for the processing and 

analysis of large-scale, complicated databases at incredible speed.1,3  These advances have 

facilitated the creation of more complex machine learning (ML) and artificial intelligence (AI) 

systems for use in various aspects of health care.8   Second, the widespread adoption of electronic 

health records (EHRs) and digital health tools (e.g., next-generation sequencing (NGS), wearable 

devices, Internet of Things (IoT), mobile apps, social media) has led to the generation of massive 

amounts of structured and unstructured patient data.9   Third, advances in the fields of multi-

omics10,11   and imaging12–14   have provided deeper insights into the molecular basis of cancer that 

enabled a more precise understanding of the disease and paved the way for more targeted 

(precision) treatments.15–18  

 

In oncology, digital technologies are used to improve cancer treatment outcomes through the use of 

predictive analytics, decision support systems, and precision health interventions.16–19   The derived 

data-driven tools have the potential to optimize the use of resources; aid in clinical decision-

making; and significantly improve patient outcomes.20,21   The realization of the potential value of 

digital technologies has resulted in a growing body of evidence that supports the design, 

development, and evaluation of digital health interventions in oncology and cancer care.22   The 

purpose of this article is to provide an overview of the field of digital cancer care, with particular 

attention to big data technologies, AI, and data-driven interventions. 

 

Data-driven interventions 

 

The term "data-driven" emphasizes the central role of data in informing and shaping the 

intervention(s). This approach contrasts with previous digital interventions that relied more on 

traditional, heuristic, or expert (i.e., human)-driven approaches. Historically, digital interventions in 

healthcare were limited in scope and relied on basic statistical methods and expert opinion to guide 

their design and implementation. While valuable, these approaches have faced challenges in scaling 

and adapting to the evolving healthcare landscape. With the advent of big data and sophisticated 

analytical approaches (e.g., AI and ML), data-driven interventions can harness the power of large-

scale health data sets to deliver more targeted, personalized, and effective, prospectively 

autonomous healthcare solutions (see section ‘Levels of AI automation in Digital Cancer 

Care’).23,24   

 

Data-driven interventions in healthcare offer several advantages over previous digital 

interventions.25–27   First, they enable a more comprehensive understanding of complex and 

multimodal data (i.e., different types of data that spans a variety of contexts and/or modalities, like 

imaging, text, EHRs, genetics) by leveraging advanced algorithms and computational power. This 

approach allows for the identification of previously unrecognized data patterns and insights that 

may lead to more accurate and informed decision-making. Second, data-driven interventions can be 
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more easily adapted and fine-tuned in response to changes in data or new clinical evidence. This 

attribute ensures that healthcare solutions remain relevant and effective over time. Finally, data-

driven interventions facilitate a more personalized approach to healthcare by utilizing individual, 

continuous patient data (e.g., wearables, IoT) to tailor interventions to specific needs, preferences, 

and circumstances. This personalized approach will improve patient outcomes and overall 

healthcare efficiency. 

 
 

 

Digital oncology and digital cancer care 
 

Distinct and overlapping areas of service exist across the cancer care continuum (Table 1).28   With 

the ongoing changes in cancer services,28   it is important to distinguish between the terms: 

oncology and cancer care. Oncology is a branch of medicine that specifically deals with the 

prevention, diagnosis, and treatment of cancer.30  Cancer care can be thought of as a broader term 

that encompasses the medical aspects of cancer management, as well as the use of an 

interdisciplinary approach to support patients throughout their cancer trajectory.28   The provision 

of comprehensive cancer care involves the patient working together with a transdisciplinary team 

that includes physicians, nurses, dieticians, psychologists, pharmacists, physiotherapists, and social 

workers. In this context, while oncology is a vital component, cancer care goes beyond the 

diagnosis to integrate the diverse expertise of a variety of health care professionals to address 

complex health needs of patients living with cancer. 

 

In a similar fashion, digital oncology focuses on the application of technological advances to the 

medically oriented fields of cancer prevention, diagnosis, and treatment. In contrast ‘digital cancer 

care’, that incorporates the cancer care spectrum,28  involves the integration of digital and data-

Figure 1: Structure of the article 
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driven methods to enhance the overall standards of cancer care management and improve patient 

outcomes. While both digital cancer care and digital oncology use similar digital tools and 

technologies (e.g., EHRs, telehealth services, mobile apps, wearable devices, and ML algorithms), 

how these technologies are used and the specific interventions they support may differ. Digital 

cancer care interventions focus more on symptom management, patient engagement, adjustment to 

cancer, and wellness monitoring.31   Digital oncology interventions are being developed to improve 

decision-making, personalize treatment options, and facilitate better communication and 

coordination among healthcare professionals, patients, and family caregivers.32  

 

 

Table 1. Domains of care across the cancer continuum.28   
Domain of cancer care Description Services 

Prevention and Early Detection This area focuses on reducing the risk 

of developing cancer and detecting it 

at an early stage when it is more 

treatable. 

Services include screening programs, 

genetic testing, risk assessment, and 

promotion of a healthy lifestyle. 

Diagnosis and Staging This area involves the accurate 

identification and characterization of 

the cancer, including determining its 

type, location, and extent of disease 

(stage). 

Services in this area include imaging 

studies (e.g., magnetic resonance 

imaging (MRI), computed 

tomography (CT), or positron 

emission tomography (PET) scans), 

biopsy procedures, and laboratory 

tests. 

Treatment and Management This area encompasses various 

therapeutic approaches to eliminate or 

control cancer growth. Services 

include surgery, radiation therapy, 

chemotherapy, immunotherapy, 

targeted therapy, and/or hormone 

therapy. 

Supportive care, such as pain 

management, nutrition support, and 

psychological counselling are critical 

components of this layer. 

Supportive Oncology,29  Palliative 

Care and End-of-Life Care 

This area focuses on effectively 

managing the long-term effects of 

cancer and its treatment across the 

continuum of cancer care and the 

provision of end-of-life care when 

necessary. 

Services include monitoring for 

recurrence, assessment and 

management of symptoms and other 

adverse effects, rehabilitation, 

promotion of a healthy lifestyle, and 

the provision of palliative care to 

decrease symptoms and improve 

quality of life. 

 

 

It should be noted that data-driven digital cancer care addresses the same users and health system 

needs that were mapped in the World Health Organization’s ‘Classification of Digital Health 

Interventions’.33   In line with this classification, digital cancer care requires:  

 Client-based interventions – the focus is on individuals seeking health services, including 

health promotion and education, self-assessment and diagnosis, and self-care support. 

 Healthcare provider-based interventions – the focus is on health professionals with a view 

towards supporting clinical decision-making, inter-clinician communication, and 

patient/family-clinician communication. 

 Health system manager-based interventions – the focus is on health system management, 

health care financing, and governance structures that support supply chain management, 

financial transactions, and workforce management.  

 Data service-based interventions – the focus is on the generation, aggregation, analysis, and 

dissemination of health data that aids in public health monitoring, data exchange, and data 

analysis for decision-making. 
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Key Components of Digital Cancer Care and Data-Driven Interventions 

 

Key technological components of digital cancer care are presented in Table 2. Integration of these 

components can create novel and complex, ‘digital health’ interventions.84–86  These data-driven 

interventions leverage vast amounts of data generated from numerous sources to identify previously 

unknown patterns that can generate new knowledge, optimize resource allocation, monitor 

treatment responses, guide clinical decision-making, and personalize care.  

 

Table 2. Key technological components of digital cancer care 
Component Description Comments 

EHRs34  EHRs are foundational to digital 

cancer care as they facilitate access to 

patient data; streamline 

communication among members of 

transdisciplinary healthcare teams; 

and enable informed decision-

making. 

Because EHRs contain 

comprehensive information on 

patients' medical histories, treatments, 

and test results, these data facilitate 

the ability of professionals from 

various disciplines to collaborate and 

develop personalized care plans 

across the continuum of cancer care. 

Telehealth35–37   Telehealth approaches allow for 

remote consultations, monitoring, and 

support of cancer patients by a variety 

of healthcare professionals. 

As evidenced during the COVID-19 

pandemic,38   this holistic approach 

to care can help to improve patients' 

overall well-being, treatment 

adherence, and satisfaction with care. 

Mobile Health (mHealth)36,39,40  , 

IoT41–44   and Wearable 

Technologies36,45,46   

mHealth apps and wearable devices 

can track symptoms, detect a variety 

of health events, and monitor 

adherence with various lifestyle 

management strategies. IoT devices 

(i.e., sensors) and wearables can track 

patients’ vital signs, medication 

adherence, and lifestyle behaviors and 

provide valuable data to tailor and 

personalize patients’ management 

plans. 

IoT can enhance communication 

between healthcare professionals and 

patients, enable the provision of care 

remotely, and facilitate timely 

interventions with the ultimate effect 

of improving patient outcomes. 

Cloud services47–49  Cloud services play a crucial role in 

the digital transformation of cancer 

care because they provide scalable, 

secure, and accessible platforms to 

manage and analyze large volumes of 

healthcare data. 

Cloud-based infrastructures allow 

healthcare organizations to efficiently 

store, share, and process complex 

cancer-related data; facilitate 

collaboration among multidisciplinary 

teams; and speed the development of 

data-driven interventions. In addition, 

cloud services enable the deployment 

of ML models and advanced analytics 

tools that can support real-time 

decision-making in cancer care. 

(electronic) Patient-Reported 

Outcome Measures (PROMs / 

ePROMs)34,50–56   

PROMs and ePROMs capture 

patients’ perceptions of symptoms 

and quality of life. 

The integration of PROMs into digital 

cancer care allows healthcare 

professionals from different 

disciplines to tailor care plans, 

monitor patients' well-being, and 

evaluate the effectiveness of 

interventions across the continuum of 

cancer care. 

Big Data57–59   and AI60,61   The increased availability of large 

amounts of data in cancer care has led 

to the development of big data AI 

technologies for early detection, 

Recent applications of AI and Large 

Language Models (LLMs) such as 

ChatGPT,62   that shows “sparks of 

artificial general intelligence”,63  
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Component Description Comments 

diagnosis, treatment planning, and 

prediction of treatment outcomes. 

may improve cancer care through the 

analysis of large volumes of textual 

information. This approach will allow 

for the identification of patterns, 

trends, and associations that were not 

easily discernible through traditional 

methods. For instance, LLMs can 

facilitate automatic extraction of 

critical clinical information from 

medical records,64,65   such as cancer 

type, stage, treatment history, and 

response to therapy. 

Chatbots66,67   Chatbots can serve as virtual 

assistants. They can provide patients 

with 24/7 access to accurate 

information about their condition, 

treatment options, and side effects, as 

well as answer frequently asked 

questions. Chatbots can help monitor 

patient-reported symptoms, offer 

personalized advice for symptom 

management, and facilitate 

communication between patients and 

their healthcare team. 

Through automation of a variety of 

tasks, chatbots can help reduce the 

workload of healthcare professionals 

and improve the overall cancer care 

experience for patients, making it 

more efficient, patient-centered, and 

accessible. 

Imaging68,69   Advanced imaging techniques (e.g., 

MRI, CT, PET, ultrasound), provide 

non-invasive methods to visualize 

tumors and assess their 

characteristics. 

The integration of AI and ML into 

imaging analyses can enhance the 

precision and efficiency of cancer 

care through the automation of image 

interpretation, reduction in the 

variability in interpretations, and the 

identification of subtle patterns that 

may be missed by the human eye.68   

Genomics70–73   Genomics concentrates on the study 

of cancer cells' genomic composition 

to obtain a better understanding of the 

fundamental processes associated 

with the development and spread of 

cancer. These types of analyses can be 

used to guide diagnostic, prognostic, 

and therapeutic choices. 

The integration of genomic data with 

AI into clinical practice offers 

tremendous potential for enhanced 

accuracy, effectiveness, and overall 

outcomes, because treatments will be 

tailored to the genomic signature of 

an individual patient’s cancer. 

Multi-omics59,74   Multi-omics approaches, that 

integrate genomic, transcriptomic, 

proteomic, and metabolomic data, 

hold great promise for advancing our 

understanding of cancer biology and 

improving patient care. By generating 

a comprehensive molecular profile of 

a patient's tumor, multi-omics can 

provide insights into the underlying 

mechanisms driving cancer 

progression and treatment response. 

This information can be leveraged to 

develop personalized treatment 

strategies and identify novel 

therapeutic targets, that lead to more 

effective and precise cancer care. 

Blockchain75,76   Blockchain technology has the 

potential to revolutionize cancer care 

by providing secure, transparent, and 

decentralized solutions for data 

management and sharing. It can 

provide additional layers of privacy 

and safety to be able to use new 

approaches of de-centralized ML, 

In cancer care, blockchain can be 

used to enhance patient privacy, 

streamline medical record 

management, and ensure the integrity 

of clinical trial data. Furthermore, it 

can facilitate secure data sharing 

between healthcare providers, 

researchers, and patients, foster 
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Component Description Comments 

federated learning,77–80  where all 

sites are able to keep their data and 

train ML models locally, while they 

create a cumulative, collective AI 

model. 

collaboration, and enable the 

development of more effective 

treatments. 

Augmented Reality (AR)76,81   AR overlays digital technology onto 

one’s real-life environment and 

objects via use of graphics, sound, or 

other sensory enhancements. 

For healthcare professionals, AR can 

be utilized for medical training, 

surgical planning, and real-time 

guidance during procedures; enhance 

clinician’s accuracy, and reduce 

complications. For patients, AR can 

be used to educate patients about their 

cancer diagnosis and its treatments in 

a more easily understood and 

engaging manner. The use of AR can 

empower patients to make more 

informed decisions about their care. 

Digital twins82,83   Digital twins, virtual replicas of 

physical systems or processes, offer a 

powerful tool to simulate and predict 

the behavior of cancer cells and 

treatment responses. By creating 

digital twins of tumors, researchers 

can model the complex interactions 

between cancer cells, the tumor 

microenvironment, and therapeutic 

agents. 

This approach can help to identify 

potential treatment strategies, 

optimize drug dosing, and minimize 

side effects. In clinical settings, 

digital twins can facilitate 

personalized treatment planning and 

enable clinicians to make data-driven 

decisions, ultimately improving 

patient outcomes. 

 

 

 

Analytic Approaches in Digital Cancer Care 

 

Digital cancer care involves various analytic approaches (Figure 2). Several terms (explained 

below) are often used interchangeably to indicate the same approach. 

 

AI87   focuses on the development of computational systems and algorithms capable of performing 

tasks that typically require human general intelligence. These tasks encompass a wide range of 

cognitive functions, including learning, reasoning, problem-solving, perception, natural language 

understanding, and decision-making. AI aims to mimic, augment, or surpass human intelligence by 

creating machines that can adapt to new situations, recognize patterns, and draw inferences from 

data to make informed decisions autonomously or in collaboration with humans.  
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ML87   is a subset of AI. It encompasses algorithms that computers use to learn from data without 

explicit programming. These algorithms become more accurate and effective as they are exposed to 

more data, allowing them to ‘learn’ from experience and “adapt” to new information. Related to 

ML, Automated ML (auto-ML)88   is an analytical approach that has recently gained traction and 

revolutionized the modelling domain. Auto-ML refers to the automated selection, optimization, and 

evaluation of ML algorithms for a given dataset. Auto-ML has the potential to accelerate the 

modeling process and decrease the barriers to entry for non-experts in the field of ML. This 

approach has the potential to benefit digital cancer care by increasing the efficiency and 

accessibility of data-driven interventions. 

 

Deep learning (DL)87   is a specialized form of ML algorithms. It focuses on the use of deep neural 

networks with multiple hidden layers to model complex patterns and representations in large, high-

dimensional datasets. These networks are designed to mimic the human brain's structure and 

function, enabling DL algorithms to handle more intricate and abstract data representations. DL 

techniques have been especially successful in tasks such as image and speech recognition, natural 

language processing, and reinforcement learning, where traditional machine learning approaches 

may struggle. 

 

Data science89,90   is a broader field that encompasses the collection, analysis, and interpretation of 

data using various techniques, including AI, ML, and other statistical methods. While AI, ML, and 

deep learning are primarily focused on the development of intelligent algorithms, data science is 

concerned with the broader processes involved in the management, analysis, and interpretation of 

data to inform decision-making. 

 

The landscape of AI and ML covers a wide range of techniques and methods that can be applied to 

various tasks and problems in healthcare.91–93   Table 3 provides an overview of AI and ML 

techniques that are relevant healthcare, along with examples of practical applications. 

 

 

Figure 2: Non exhaustive representation of the 

intersection between AI, ML, DL 
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Table 3. Overview of analytic techniques in AI and ML with examples of practical applications in 

healthcare. 
Analytic technique Description Practical application in healthcare 

Supervised learning94,95   A type of ML where an algorithm 

learns from available labeled training 

data to make predictions or 

classifications. In this approach, a 

model is trained using input-output 

pairs, where the output is the desired 

outcome (label). Supervised learning 

techniques include classification 

(categorizing data into predefined 

classes or categories) and regression 

(predicting a continuous value). 

In healthcare, supervised learning can 

be used to diagnose the stage of 

cancer based on medical images or 

predict patient readmission rates 

based on electronic health records. 

Unsupervised learning94,95   A type of ML where an algorithm 

identifies patterns in data without any 

labeled output. The goal is to find 

underlying structures or relationships 

in the data. Common techniques 

include clustering (grouping similar 

data points) and dimensionality 

reduction (reducing the number of 

variables while preserving essential 

information). 

In healthcare, unsupervised learning 

can be used to identify patient 

subgroups with similar medical 

conditions or to reduce the 

complexity of large-scale genomic 

data for analysis. 

Reinforcement learning94,95 A type of ML where an algorithm 

learns to make decisions by 

interacting with an environment and 

receiving feedback in the form of 

rewards or penalties. The goal is to 

find an optimal policy or sequence of 

actions that maximizes cumulative 

rewards over time. 

Applications in healthcare can include 

optimizing treatment plans for 

patients with chronic conditions, 

training robots for surgical assistance, 

or coordinating multiple agents in 

emergency response scenarios. 

Natural language processing 

(NLP)96,97   

A subfield of AI focused on enabling 

computers to understand, interpret, 

and generate human language. 

Techniques in NLP include sentiment 

analysis (identifying emotions in 

text), text classification (categorizing 

documents), and information 

extraction (identifying entities and 

relationships in text). 

In healthcare, NLP can be used to 

analyze patient feedback, categorize 

medical literature. 

Computer vision98,99   A field of AI that focuses on enabling 

computers to interpret and understand 

visual information from the world. 

Techniques in computer vision 

include image recognition 

(identifying objects in images), object 

detection (locating specific objects in 

images), and image segmentation 

(dividing an image into distinct 

regions). 

In healthcare, computer vision can be 

used to analyze medical images for 

disease detection, such as identifying 

tumors in MRI scans or detecting 

diabetic retinopathy in eye images. 

Speech recognition100,101 The process of converting spoken 

language into written text, while 

speech synthesis101   is the process of 

generating human-like speech from 

written text. 

Applications of speech recognition 

and synthesis in healthcare can 

include voice assistants for patient 

care, transcribing doctor-patient 

conversations, and facilitating 

communication for people with 

speech impairments. 

Recommender systems102,103 Algorithms that provide personalized 

recommendations or suggestions to 

In healthcare, recommender systems 

can be used to suggest personalized 
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Analytic technique Description Practical application in healthcare 

users based on their preferences, 

behaviors, or interactions. 

treatment plans, recommend relevant 

medical literature to clinicians, or 

suggest lifestyle changes for patients 

based on their health data. 

Anomaly detection104,105   A technique used to identify unusual 

patterns or outliers in data that deviate 

from the norm. 

Applications in healthcare can include 

detecting fraudulent claims in 

insurance, identifying potential data 

breaches in electronic health records, 

and monitoring patient vital signs for 

early warning signs of deterioration. 

Time-series analysis106 A collection of methods used to 

analyze and model time-ordered data. 

Techniques include forecasting 

(predicting future values based on 

historical data) and pattern 

recognition (identifying trends, 

cycles, or other structures in the data). 

In healthcare, time-series analysis can 

be used to forecast patient 

admissions, analyze disease 

progression over time, or monitor the 

effectiveness of treatment 

interventions. 

Network analysis107,108   A set of techniques used to study the 

relationships and interactions between 

entities represented as nodes in a 

graph or network. 

In healthcare, network analysis can be 

applied to study social networks of 

patients or healthcare providers, 

understand the spread of infectious 

diseases, or analyze the interactions 

between different genes or proteins in 

biological systems. 

  

 

Besides advances in analytic approaches, several challenges should also be mentioned. One 

challenge is data curation,88 , that involves the cleaning, labeling, and organization of large 

amounts of complex and heterogeneous data from various sources (e.g, EHRs, genomics, imaging). 

Proper data curation is critical to ensuring the quality and reliability of ML models, because if 

models are trained on poorly curated data the results may be misleading or suboptimal.  

 

Another challenge is the various types of data drift that can occur, such as concept drift109,110   and 

covariate shift.109   Data drift refers to changes in the underlying patterns or relationships between 

variables over time and if it not accounted for in the analysis the model's performance can degrade. 

To address data drift requires continuous monitoring of model performance and regular updates to 

ensure that the model remains accurate and relevant to the current state of the data.  

 

Monitoring ML models in digital cancer care is a complex task because it involves tracking the 

performance of models over time and detecting potential issues that may arise.111   This approach 

includes monitoring model accuracy; ensuring that the model is robust and interpretable, and that 

the acquisition and modelling of data involves evaluation of the ethical principles (e.g., fairness, 

privacy).  

 

Lastly, the integration of ML within existing services and processes associated with digital cancer 

care will be a significant challenge.22,112,113   It is essential to ensure that these models can be 

seamlessly integrated into clinical workflows, decision support systems, and other healthcare 

services to maximize their utility and impact. To achieve this goal requires collaborations among 

data scientists, data/ML engineers, healthcare professionals, patients, family caregivers, and other 

stakeholders to design and implement effective solutions that address the unique needs and 

constraints of cancer care. 

 

Lifecycle of Data-Driven AI Systems in Digital Cancer Care 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



11 

 

A comprehensive AI lifecycle involves many different stages, typically comprising data gathering, 

data pre-processing, feature engineering (i.e., creating variables from unhidden patterns in data), 

model selection, training, validation, deployment, and monitoring (Figure 3).114–116   Each of these 

stages is crucial to the success of a data-driven intervention in cancer care, as they ensure that the 

developed models are up-to-date, accurate and effective in addressing the specific problem at hand. 

Moreover, these stages promote a more iterative and adaptive approach to the data-driven system 

development, allowing for continuous improvement and adjustment based on new data, clinical 

evidence, or changing healthcare needs. 

 

While much of the current digital health literature focuses on the modeling performance of various 

analytical techniques, it is important to recognize that modeling is just a small part of the complete 

lifecycle of an AI system (Figure 3).114–116   In real-world settings, the debate over which model 

performs best can be less relevant, as factors such as data quality, scalability, interpretability, and 

integration with existing workflows play a more significant role in determining the overall 

effectiveness and applicability of a data-driven intervention. Moreover, the adaptability and 

maintainability of a system in a dynamic healthcare environment can significantly impact its long-

term success.  

 
It is essential to expand the discussions around digital cancer care and include additional topics 

when evaluating the performance and applicability of AI systems. Building a reliable AI system is a 

complex problem, involving not only the development of a high-performing model but also the 

integration of software engineering, data engineering, and DevOps (i.e., a set of practices that 

combines software development and Information Technology (IT) operations, aiming to shorten the 

development lifecycle and provide continuous delivery of high-quality software by fostering 

collaboration, automation, and integration across teams) principles. These factors, combined with 

ethical considerations, data privacy regulations, and the need for effective collaboration between 

stakeholders, can contribute synergistically to the multidimensional nature of the challenge.  

 

Figure 3: AI lifecycle (based on the CRISP-DM 

model116) 
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Software, data and machine learning engineering as well as data science practises play a vital role in 

ensuring the seamless integration and execution of the AI lifecycle stages.7,111,114,117   Software 

engineering provides the foundation for building scalable, maintainable, and reliable software (i.e., 

AI system), facilitating collaboration between different stakeholders and promoting best practices in 

code development and system architecture. Data engineering focuses on efficient data storage, 

processing, and management, enabling the effective use of healthcare data in the development and 

deployment of ML models. Machine learning engineering bridges the gap between data science and 

software engineering, applying ML algorithms to real-world problems and ensuring their successful 

integration into the larger AI system. Lastly, data science principles guide the analysis and 

interpretation of complex healthcare data, enabling the extraction of meaningful insights and 

informing the development of accurate and impactful ML models. 

 

The design, development, and deployment of data-driven digital interventions require a 

multidisciplinary approach to effectively integrate technological and clinical expertise around 

patients’ needs.118,119   Technological experts are responsible for the development and 

implementation of the software, hardware, and networking infrastructure necessary to support data-

driven cancer care interventions. Clinical experts have in-depth knowledge of cancer care, including 

diagnosis, treatment, and survivorship. They can provide insights into the practical challenges 

associated with the implementation of data-driven interventions in “real world” clinical settings and 

can help ensure that the interventions are aligned with best practices in cancer care. 

 

Integration of technological and clinical expertise requires effective communication. Today, this is 

facilitated by modern project management paradigms, such as Agile.118,119   Agile methods, that are 

popular in software engineering, are being evaluated in healthcare,118,120,121   including cancer 

care.122,123   Agile methods emphasize flexibility, rapid prototyping, and continuous feedback, 

making them attractive options for complex and evolving digital cancer care projects. 

 

However, the application of project management methods (e.g. Agile) that were developed for 

specific purposes (i.e. software engineering) to different problems and audiences (i.e., data science 

problems, stakeholders from diverse expertise and practice backgrounds) comes with its own 

costs.124–126   Data science projects frequently require extensive exploration and 

experimentation.127   In many cases, the outcome or feasibility of a product may not be known until 

after several iterations of the experiment. This inherent uncertainty makes it challenging to adhere 

to strict timelines and plans for specific deliverables. In addition, the success of data science and 

ML projects depends to a large part on the quality and availability of data.125,127  Data acquisition 

and pre-processing can consume a significant amount of time and resources, making it hard to 

maintain the pace of an Agile process. Unforeseen issues with data quality or accessibility can cause 

serious delays and derail Agile project schedules. 

 

It is crucial for digital transformation teams in cancer care to recognize and address these 

challenges, and explore different methods of project management for complex, data-driven 

interventions.124   This approach will enable expert groups to collaborate more effectively to 

develop and deploy truly applicable data-driven digital cancer care products. 

 

Levels of AI Automation in Digital Cancer Care 

 

We must acknowledge that not all data-driven interventions in digital cancer care are created 

equally in terms of their level of AI automation.23,24   The degree to which AI systems can 

autonomously perform tasks, make decisions, and generate insights varies significantly. This 

variability has substantial implications for their adoption, utility, and impact on patient care. Health 
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care professionals, researchers and stakeholders need to understand the varying levels of AI 

automation in order to be able to evaluate the potential benefits and limitations of AI systems in 

cancer care, and to ensure that the appropriate safeguards and oversight mechanisms are in place to 

optimize patient outcomes and uphold the highest standards of care.  

 

AI systems can be categorized into different, broad levels of automation, ranging from systems that 

merely assist human decision-making to those that are entirely autonomous (Figure 4).23,24   At the 

lower end of the automation spectrum, AI systems may serve as decision support tools that provide 

healthcare professionals with additional information or recommendations to enhance clinical 

judgment. These systems rely heavily on human expertise and intervention to drive the decision-

making process that ensures that AI-generated insights are contextualized and validated by human 

expertise. 

 

As the levels of AI automation increase,23,24  systems may assume a more active role in the 

decision-making process, with the capacity to autonomously analyze data, identify patterns, and 

generate recommendations without direct human input. While these systems will require human 

oversight and validation, they will reduce the cognitive load on healthcare professionals and 

streamline the decision-making process. 

 

At the highest level of automation, AI systems may be capable of making fully autonomous 

decisions (e.g. personalized treatment planning, prognostic predictions).23,24  These systems may 

be able to operate with minimal or no human intervention by leveraging advanced algorithms and 

large-scale data analyses to generate insights and recommendations. However, achieving this level 

of automation presents numerous challenges, including ensuring the safety, accuracy, and ethical 

considerations of AI-generated decisions. 

 
Trustworthy AI 

 

To ensure the safety, accuracy and ethical application of data-driven interventions, Trustworthy 

AI128–130   is of paramount importance in digital cancer care to foster trust among healthcare 

professionals, patients, family caregivers, and other stakeholders. Trustworthy AI encompasses 

several key principles that need to be considered and adhered to throughout the AI lifecycle (Table 

4).  

 

 

 

Figure 4: Levels of AI automation in digital cancer care 
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Table 4. Key principles of Trustworthy AI 
Principle Description Comments 

Transparency and Explainability128–

130   

AI systems should be designed to 

provide clear, understandable 

explanations for their decisions and 

predictions. 

In the context of cancer care, 

providing insights into the reasoning 

behind AI-based recommendations 

can help healthcare professionals 

make more informed decisions and 

ensure that patients understand their 

care options. 

Robustness and Reliability128–130  AI systems should be robust against 

various uncertainties, including noise 

in the data, incomplete information, 

and changing conditions. 

Ensuring the reliability of AI systems 

is crucial for maintaining the quality 

of care and preventing potential harm 

to patients. Regularly updating and 

validating AI models using real-world 

data can help improve their 

robustness and reliability. 

Fairness and Bias128–130   AI systems should be designed to 

ensure fairness and avoid potential 

biases that may lead to discriminatory 

outcomes. 

In cancer care, this involves 

considering factors such as age, 

gender, ethnicity, and socioeconomic 

status when developing and 

evaluating AI models. 

Privacy and Data Security128–130   AI systems should be designed to 

ensure that data privacy and security 

are maintained at all times. 

The protection of sensitive patient 

data is of paramount importance in 

healthcare. 

Accountability and Responsibility128–

130   

Stakeholders, including technical 

experts, healthcare professionals, and 

institutions, should be held 

accountable for the decisions and 

actions of AI systems. Ethical 

guidelines and regulatory frameworks 

should be in place to ensure that AI 

systems are used responsibly and that 

any unintended consequences are 

addressed promptly. 

Establishing clear lines of 

accountability and responsibility is 

essential for the successful 

deployment of AI systems in cancer 

care. 

Human-centric AI128–130   AI systems should be designed to 

augment and support human decision-

making rather than replace it. 

In cancer care, AI should be used as a 

tool that empowers healthcare 

professionals and patients, providing 

them with valuable insights and 

recommendations while allowing 

them to maintain control over the 

decision-making process. 

 

 

Conclusions 

 

To harness the potential of big data,57   AI, and data-driven interventions in cancer care, it is crucial 

to navigate the associated advantages, complexities, challenges, and opportunities. An increased 

understanding of the unique features of data science, data analytics, and automation is essential for 

successfully designing and developing data-driven interventions in cancer care. Compliance with 

Trustworthy AI principles and frameworks is critical to the ethical and safe application of AI in 

cancer care.  

 

The digital transformation of cancer care has significant implications for oncology nursing practice. 

As digital technologies become integrated into cancer care, nurse practitioners and scientists will be 

required to increase their knowledge and skills to effectively use these tools to the patient’s benefit. 

An enhanced understanding of the core concepts of AI and big data, confident use of digital health 

platforms, and ability to interpret the outputs of data-driven interventions are key competencies. 
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Nurses in oncology will play a crucial role in patient education around big data and AI, with a focus 

on addressing any arising questions, concerns, or misconceptions to foster trust in these 

technologies. Successful integration of data-driven innovations into oncology nursing practice will 

empower practitioners to deliver more personalized, effective, and evidenced-based care. 

 

 

 

 

Conflicts of Interest 

 

The authors have no conflict of interests to declare. 

 

  

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



16 

References 
  

1.  Gopal G, Suter-Crazzolara C, Toldo L, Eberhardt W. Digital transformation in healthcare - 

Architectures of present and future information technologies. Clin Chem Lab Med. 

2019;57(3):328-335. doi:10.1515/CCLM-2018-

0658/MACHINEREADABLECITATION/RIS 

2.  Marques ICP, Ferreira JJM. Digital transformation in the area of health: systematic review of 

45 years of evolution. Health Technol (Berl). 2020;10(3):575-586. doi:10.1007/S12553-019-

00402-8/TABLES/5 

3.  Kraus S, Schiavone F, Pluzhnikova A, Invernizzi AC. Digital transformation in healthcare: 

Analyzing the current state-of-research. J Bus Res. 2021;123:557-567. 

doi:10.1016/J.JBUSRES.2020.10.030 

4.  Dal Mas F, Massaro M, Rippa P, Secundo G. The challenges of digital transformation in 

healthcare: An interdisciplinary literature review, framework, and future research agenda. 

Technovation. 2023;123:102716. doi:10.1016/J.TECHNOVATION.2023.102716 

5.  Värri A, others. What is digital health? Review of definitions. Integr Citiz Centered Digit 

Heal Soc Care Citizens as Data Prod Serv co-Creators. 2020;275:67. 

6.  Iyawa GE, Herselman M, Botha A. Digital Health Innovation Ecosystems: From Systematic 

Literature Review to Conceptual Framework. Procedia Comput Sci. 2016;100:244-252. 

doi:10.1016/J.PROCS.2016.09.149 

7.  Hulten G. Building Intelligent Systems: A Guide to Machine Learning Engineering. Apress; 

2018. 

8.  Topol EJ. High-performance medicine: the convergence of human and artificial intelligence. 

Nat Med 2019 251. 2019;25(1):44-56. doi:10.1038/s41591-018-0300-7 

9.  Weber GM, Mandl KD, Kohane IS. Finding the Missing Link for Big Biomedical Data. 

JAMA. 2014;311(24):2479-2480. doi:10.1001/JAMA.2014.4228 

10.  Hasin Y, Seldin M, Lusis A. Multi-omics approaches to disease. Genome Biol 2017 181. 

2017;18(1):1-15. doi:10.1186/S13059-017-1215-1 

11.  Reel PS, Reel S, Pearson E, Trucco E, Jefferson E. Using machine learning approaches for 

multi-omics data analysis: A review. Biotechnol Adv. 2021;49:107739. 

doi:10.1016/J.BIOTECHADV.2021.107739 

12.  Giardino A, Gupta S, Olson E, et al. Role of Imaging in the Era of Precision Medicine. Acad 

Radiol. 2017;24(5):639-649. doi:10.1016/J.ACRA.2016.11.021 

13.  Panayides AS, Amini A, Filipovic ND, et al. AI in Medical Imaging Informatics: Current 

Challenges and Future Directions. IEEE J Biomed Heal Informatics. 2020;24(7):1837-1857. 

doi:10.1109/JBHI.2020.2991043 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



17 

14.  N Chin C, Subhawong T, Grosso J, et al. Teaching cancer imaging in the era of precision 

medicine: Looking at the big picture. Eur J Radiol Open. 2022;9:100414. 

doi:10.1016/J.EJRO.2022.100414 

15.  Nogrady B. How cancer genomics is transforming diagnosis and treatment. Nature. 

2020;579(7800):S10-S11. doi:10.1038/D41586-020-00845-4 

16.  Ginsburg GS, Phillips KA. Precision Medicine: From Science To Value. 

https://doi.org/101377/hlthaff20171624. 2018;37(5):694-701. 

doi:10.1377/HLTHAFF.2017.1624 

17.  Ashley EA. Towards precision medicine. Nat Rev Genet 2016 179. 2016;17(9):507-522. 

doi:10.1038/nrg.2016.86 

18.  König IR, Fuchs O, Hansen G, von Mutius E, Kopp M V. What is precision medicine? Eur 

Respir J. 2017;50(4):1700391. doi:10.1183/13993003.00391-2017 

19.  Walsh S, Jong EEC de, Timmeren JE van, et al. Decision Support Systems in Oncology. JCO 

Clin Cancer Informatics. 2019;3(3):1-9. doi:10.1200/CCI.18.00001 

20.  Bates DW, Levine D, Syrowatka A, et al. The potential of artificial intelligence to improve 

patient safety: a scoping review. npj Digit Med 2021 41. 2021;4(1):1-8. doi:10.1038/s41746-

021-00423-6 

21.  Choudhury A, Asan O. Role of Artificial Intelligence in Patient Safety Outcomes: Systematic 

Literature Review. JMIR Med Inf 2020;8(7)e18599 

https//medinform.jmir.org/2020/7/e18599. 2020;8(7):e18599. doi:10.2196/18599 

22.  Patel S, Goldsack JC, Cordovano G, et al. Advancing Digital Health Innovation in Oncology: 

Priorities for High-Value Digital Transformation in Cancer Care. J Med Internet Res. 

2023;25:e43404. doi:10.2196/43404 

23.  Bitterman DS, Aerts HJWL, Mak RH. Approaching autonomy in medical artificial 

intelligence. Lancet Digit Heal. 2020;2(9):e447-e449. doi:10.1016/S2589-7500(20)30187-4 

24.  Kazzazi F. The automation of doctors and machines: A classification for AI in medicine 

(ADAM framework). Futur Heal J. 2021;8(2):e257-e262. doi:10.7861/FHJ.2020-0189 

25.  Bohr A, Memarzadeh K. The rise of artificial intelligence in healthcare applications. Artif 

Intell Healthc. Published online January 1, 2020:25-60. doi:10.1016/B978-0-12-818438-

7.00002-2 

26.  Dash S, Shakyawar SK, Sharma M, Kaushik S. Big data in healthcare: management, analysis 

and future prospects. J Big Data. 2019;6(1):1-25. doi:10.1186/S40537-019-0217-

0/FIGURES/6 

27.  Boehm KM, Khosravi P, Vanguri R, Gao J, Shah SP. Harnessing multimodal data integration 

to advance precision oncology. Nat Rev Cancer 2021 222. 2021;22(2):114-126. 

doi:10.1038/s41568-021-00408-3 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



18 

28.  Taplin SH, Price RA, Edwards HM, et al. Introduction: Understanding and influencing 

multilevel factors across the cancer care continuum. J Natl Cancer Inst - Monogr. 

2012;(44):2-10. doi:10.1093/JNCIMONOGRAPHS/LGS008 

29.  Berman R, Laird BJA, Minton O, et al. The Rise of Supportive Oncology: a Revolution in 

Cancer Care. Clin Oncol. 2023;35(4):213-215. doi:10.1016/j.clon.2023.01.015 

30.  Potosky AL, Han PKJ, Rowland J, et al. Differences between primary care physicians’ and 

oncologists’ knowledge, attitudes and practices regarding the care of cancer survivors. J Gen 

Intern Med. 2011;26(12):1403-1410. doi:10.1007/S11606-011-1808-4/TABLES/3 

31.  Darley A, Coughlan B, Maguire R, McCann L, Furlong E. A bridge from uncertainty to 

understanding: The meaning of symptommanagement digital health technology during 

cancer treatment. Digit Heal. 2023;9:205520762311521. doi:10.1177/20552076231152163 

32.  Wells M. Key components of successful digital remote monitoring in oncology. Nat Med 

2022 286. 2022;28(6):1128-1129. doi:10.1038/s41591-022-01841-z 

33.  Guideline WHO. Recommendations on digital interventions for health system strengthening. 

World Heal Organ. Published online 2019:2010-2020. 

34.  of Sciences Engineering, Medicine, others. Innovation in Electronic Health Records for 

Oncology Care, Research, and Surveillance: Proceedings of a Workshop. Published online 

2022. 

35.  Larson JL, Rosen AB, Wilson FA. The Effect of Telehealth Interventions on Quality of Life 

of Cancer Patients: A Systematic Review and Meta-Analysis. 

https://home.liebertpub.com/tmj. 2018;24(6):397-405. doi:10.1089/TMJ.2017.0112 

36.  Cannon C. Telehealth, Mobile Applications, and Wearable Devices are Expanding Cancer 

Care Beyond Walls. Semin Oncol Nurs. 2018;34(2):118-125. 

doi:10.1016/J.SONCN.2018.03.002 

37.  Roberts TJ, Lennes IT. Lessons for Oncology From the COVID-19 Pandemic: 

Operationalizing and Scaling Virtual Cancer Care in Health Systems. Cancer J. 

2022;28(2):125. doi:10.1097/PPO.0000000000000579 

38.  Institute NC. Telehealth-Based Cancer Care Surged during COVID. Will It Continue? 

https://www.cancer.gov/news-events/cancer-currents-blog/2022/pandemic-telehealth-surge-

cancer-care 

39.  Dhar E, Bah AN, Giglioli IAC, et al. A Scoping Review and a Taxonomy to Assess the 

Impact of Mobile Apps on Cancer Care Management. Cancers 2023, Vol 15, Page 1775. 

2023;15(6):1775. doi:10.3390/CANCERS15061775 

40.  Buneviciene I, Mekary RA, Smith TR, Onnela JP, Bunevicius A. Can mHealth interventions 

improve quality of life of cancer patients? A systematic review and meta-analysis. Crit Rev 

Oncol Hematol. 2021;157:103123. doi:10.1016/J.CRITREVONC.2020.103123 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



19 

41.  Haghi Kashani M, Madanipour M, Nikravan M, Asghari P, Mahdipour E. A systematic 

review of IoT in healthcare: Applications, techniques, and trends. J Netw Comput Appl. 

2021;192:103164. doi:10.1016/J.JNCA.2021.103164 

42.  Qadri YA, Nauman A, Zikria Y Bin, Vasilakos A V., Kim SW. The Future of Healthcare 

Internet of Things: A Survey of Emerging Technologies. IEEE Commun Surv Tutorials. 

2020;22(2):1121-1167. doi:10.1109/COMST.2020.2973314 

43.  Muhsen IN, Rasheed OW, Habib EA, et al. Current status and future perspectives on the 

Internet of Things in oncology. Hematol Oncol Stem Cell Ther. Published online October 18, 

2021. doi:10.1016/J.HEMONC.2021.09.003 

44.  Chung AE, Jensen RE, Basch EM. Leveraging Emerging Technologies and the “Internet of 

Things” to Improve the Quality of Cancer Care. J Oncol Pract. 2016;12(10):863. 

doi:10.1200/JOP.2016.015784 

45.  Low CA. Harnessing consumer smartphone and wearable sensors for clinical cancer 

research. npj Digit Med 2020 31. 2020;3(1):1-7. doi:10.1038/s41746-020-00351-x 

46.  Liao Y, Thompson C, Peterson S, Mandrola J, Beg MS. The Future of Wearable Technologies 

and Remote Monitoring in Health Care. Am Soc Clin Oncol Educ book Am Soc Clin Oncol 

Annu Meet. 2019;39(39):115-121. doi:10.1200/EDBK_238919 

47.  Navale V, Bourne PE. Cloud computing applications for biomedical science: A perspective. 

PLOS Comput Biol. 2018;14(6):e1006144. doi:10.1371/JOURNAL.PCBI.1006144 

48.  Griebel L, Prokosch HU, Köpcke F, et al. A scoping review of cloud computing in healthcare. 

BMC Med Inform Decis Mak. 2015;15(1):1-16. doi:10.1186/S12911-015-0145-

7/FIGURES/4 

49.  Ali O, Shrestha A, Soar J, Wamba SF. Cloud computing-enabled healthcare opportunities, 

issues, and applications: A systematic review. Int J Inf Manage. 2018;43:146-158. 

doi:10.1016/J.IJINFOMGT.2018.07.009 

50.  Graupner C, Kimman ML, Mul S, et al. Patient outcomes, patient experiences and process 

indicators associated with the routine use of patient-reported outcome measures (PROMs) in 

cancer care: a systematic review. Support Care Cancer. 2021;29(2):573-593. 

doi:10.1007/S00520-020-05695-4/TABLES/7 

51.  Kotronoulas G, Kearney N, Maguire R, et al. What is the value of the routine use of patient-

reported outcome measures toward improvement of patient outcomes, processes of care, and 

health service outcomes in cancer care? A systematic review of controlled trials. J Clin 

Oncol. 2014;32(14):1480-1501. doi:10.1200/JCO.2013.53.5948 

52.  Consolo L, Castellini G, Cilluffo S, Basile I, Lusignani M. Electronic patient-reported 

outcomes (e-PROMs) in palliative cancer care: a scoping review. J Patient-Reported 

Outcomes. 2022;6(1):102. doi:10.1186/S41687-022-00509-Z 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



20 

53.  Lizán L, Pérez-Carbonell L, Comellas M. Additional value of patient-reported symptom 

monitoring in cancer care: A systematic review of the literature. Cancers (Basel). 

2021;13(18). doi:10.3390/CANCERS13184615/S1 

54.  Caminiti C, Maglietta G, Diodati F, et al. The Effects of Patient-Reported Outcome 

Screening on the Survival of People with Cancer: A Systematic Review and Meta-Analysis. 

Cancers (Basel). 2022;14(21):5470. doi:10.3390/CANCERS14215470/S1 

55.  van den Hurk CJG, Mols F, Eicher M, et al. A Narrative Review on the Collection and Use of 

Electronic Patient-Reported Outcomes in Cancer Survivorship Care with Emphasis on 

Symptom Monitoring. Curr Oncol. 2022;29(6):4370-4385. 

doi:10.3390/CURRONCOL29060349 

56.  Pérez-Alfonso KE, Sánchez-Martínez V. Electronic Patient-Reported Outcome Measures 

Evaluating Cancer Symptoms: A Systematic Review. Semin Oncol Nurs. 2021;37(2):151145. 

doi:10.1016/J.SONCN.2021.151145 

57.  Karatas M, Eriskin L, Deveci M, Pamucar D, Garg H. Big Data for Healthcare Industry 4.0: 

Applications, challenges and future perspectives. Expert Syst Appl. 2022;200:116912. 

doi:10.1016/J.ESWA.2022.116912 

58.  Dlamini Z, Francies FZ, Hull R, Marima R. Artificial intelligence (AI) and big data in cancer 

and precision oncology. Comput Struct Biotechnol J. 2020;18:2300-2311. 

doi:10.1016/J.CSBJ.2020.08.019 

59.  Cremin CJ, Dash S, Huang X. Big data: Historic advances and emerging trends in biomedical 

research. Curr Res Biotechnol. 2022;4:138-151. doi:10.1016/J.CRBIOT.2022.02.004 

60.  Shreve JT, Khanani SA, Haddad TC. Artificial Intelligence in Oncology: Current 

Capabilities, Future Opportunities, and Ethical Considerations. Am Soc Clin Oncol Educ 

book Am Soc Clin Oncol Annu Meet. 2022;42(42):1-10. doi:10.1200/EDBK_350652 

61.  Ngiam KY, Khor IW. Big data and machine learning algorithms for health-care delivery. 

Lancet Oncol. 2019;20(5):e262-e273. doi:10.1016/S1470-2045(19)30149-4 

62.  Medicines and Healthcare products Regulatory Agency. Large Language Models and 

software as a medical device. Accessed March 23, 2023. 

https://medregs.blog.gov.uk/2023/03/03/large-language-models-and-software-as-a-medical-

device/ 

63.  Bubeck S, Chandrasekaran V, Eldan R, et al. Sparks of Artificial General Intelligence: Early 

experiments with GPT-4. Published online March 22, 2023. Accessed March 23, 2023. 

https://arxiv.org/abs/2303.12712v1 

64.  Lyu Q, Tan J, Zapadka ME, et al. Translating Radiology Reports into Plain Language using 

ChatGPT and GPT-4 with Prompt Learning: Promising Results, Limitations, and Potential. 

Published online March 16, 2023. Accessed March 23, 2023. 

https://arxiv.org/abs/2303.09038v2 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



21 

65.  Jeblick K, Schachtner B, Dexl J, et al. ChatGPT Makes Medicine Easy to Swallow: An 

Exploratory Case Study on Simplified Radiology Reports. Published online December 30, 

2022. Accessed March 23, 2023. https://arxiv.org/abs/2212.14882v1 

66.  Garg S, Williams NL, Ip A, Dicker AP. Clinical Integration of Digital Solutions in Health 

Care: An Overview of the Current Landscape of Digital Technologies in Cancer Care. JCO 

Clin Cancer Informatics. 2018;(2):1-9. doi:10.1200/cci.17.00159 

67.  Xu L, Sanders L, Li K, Chow JCL. Chatbot for Health Care and Oncology Applications 

Using Artificial Intelligence and Machine Learning: Systematic Review. JMIR Cancer. 

2021;7(4). doi:10.2196/27850 

68.  Xu H, Deng L, Tian R, Ma X. Editorial: Novel Methods for Oncologic Imaging Analysis: 

Radiomics, Machine Learning, and Artificial Intelligence. Front Oncol. 2021;11:2915. 

doi:10.3389/FONC.2021.628310/BIBTEX 

69.  Fass L. Imaging and cancer: A review. Mol Oncol. 2008;2(2):115. 

doi:10.1016/J.MOLONC.2008.04.001 

70.  Bhalla S, Laganà A. Artificial Intelligence for Precision Oncology. Adv Exp Med Biol. 

2022;1361:249-268. doi:10.1007/978-3-030-91836-1_14/TABLES/4 

71.  Ballester PJ, Carmona J. Artificial intelligence for the next generation of precision oncology. 

npj Precis Oncol 2021 51. 2021;5(1):1-3. doi:10.1038/s41698-021-00216-w 

72.  Zeng J, Johnson A, Shufean MA, et al. Operationalization of Next-Generation Sequencing 

and Decision Support for Precision Oncology. JCO Clin Cancer Informatics. 2019;(3):1-12. 

doi:10.1200/cci.19.00089 

73.  Pritchard D, Goodman C, Nadauld LD. Clinical Utility of Genomic Testing in Cancer Care. 

JCO Precis Oncol. 2022;6(6):e2100349. doi:10.1200/PO.21.00349 

74.  Yoo BC, Kim KH, Woo SM, Myung JK. Clinical multi-omics strategies for the effective 

cancer management. J Proteomics. 2018;188:97-106. doi:10.1016/J.JPROT.2017.08.010 

75.  Krishnamoorthy S, Dua A, Gupta S. Role of emerging technologies in future IoT-driven 

Healthcare 4.0 technologies: a survey, current challenges and future directions. J Ambient 

Intell Humaniz Comput 2021 141. 2021;14(1):361-407. doi:10.1007/S12652-021-03302-W 

76.  Florea AI, Anghel I, Cioara T. A Review of Blockchain Technology Applications in Ambient 

Assisted Living. Futur Internet 2022, Vol 14, Page 150. 2022;14(5):150. 

doi:10.3390/FI14050150 

77.  Chowdhury A, Kassem H, Padoy N, Umeton R, Karargyris A. A Review of Medical 

Federated Learning: Applications in Oncology and Cancer Research. Lect Notes Comput Sci 

(including Subser Lect Notes Artif Intell Lect Notes Bioinformatics). 2022;12962 LNCS:3-24. 

doi:10.1007/978-3-031-08999-2_1/FIGURES/2 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



22 

78.  Rehman A, Abbas S, Khan MA, Ghazal TM, Adnan KM, Mosavi A. A secure healthcare 5.0 

system based on blockchain technology entangled with federated learning technique. Comput 

Biol Med. 2022;150:106019. doi:10.1016/J.COMPBIOMED.2022.106019 

79.  Rahman A, Hossain MS, Muhammad G, et al. Federated learning-based AI approaches in 

smart healthcare: concepts, taxonomies, challenges and open issues. Cluster Comput. 

Published online 2022:1. doi:10.1007/S10586-022-03658-4 

80.  Rieke N, Hancox J, Li W, et al. The future of digital health with federated learning. npj Digit 

Med 2020 31. 2020;3(1):1-7. doi:10.1038/s41746-020-00323-1 

81.  Gerup J, Soerensen CB, Dieckmann P. Augmented reality and mixed reality for healthcare 

education beyond surgery: an integrative review. Int J Med Educ. 2020;11:1. 

doi:10.5116/IJME.5E01.EB1A 

82.  Wickramasinghe N, Jayaraman PP, Forkan ARM, et al. A Vision for Leveraging the Concept 

of Digital Twins to Support the Provision of Personalized Cancer Care. IEEE Internet 

Comput. 2022;26(5):17-24. doi:10.1109/MIC.2021.3065381 

83.  Kaul R, Ossai C, Forkan ARM, et al. The role of AI for developing digital twins in 

healthcare: The case of cancer care. Wiley Interdiscip Rev Data Min Knowl Discov. 

2023;13(1):e1480. doi:10.1002/WIDM.1480 

84.  Organization WH, others. WHO Guideline: Recommendations on Digital Interventions for 

Health System Strengthening: Executive Summary.; 2019. 

85.  Organization WH, others. WHO Guideline: Recommendations on Digital Interventions for 

Health System Strengthening: Web Supplement 2: Summary of Findings and GRADE Tables.; 

2019. 

86.  Murray E, Hekler EB, Andersson G, et al. Evaluating digital health interventions: key 

questions and approaches. Am J Prev Med. 2016;51(5):843. 

doi:10.1016/J.AMEPRE.2016.06.008 

87.  Meskó B, Görög M. A short guide for medical professionals in the era of artificial 

intelligence. npj Digit Med 2020 31. 2020;3(1):1-8. doi:10.1038/s41746-020-00333-z 

88.  Waring J, Lindvall C, Umeton R. Automated machine learning: Review of the state-of-the-art 

and opportunities for healthcare. Artif Intell Med. 2020;104:101822. 

doi:10.1016/J.ARTMED.2020.101822 

89.  Cao L. Data Science. ACM Comput Surv. 2017;50(3). doi:10.1145/3076253 

90.  Donoho D. 50 Years of Data Science. https://doi.org/101080/1061860020171384734. 

2017;26(4):745-766. doi:10.1080/10618600.2017.1384734 

91.  Corea F. AI Knowledge Map: How to Classify AI Technologies. Stud Big Data. 2019;50:25-

29. doi:10.1007/978-3-030-04468-8_4/FIGURES/1 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



23 

92.  Breiman L. Statistical Modeling: The Two Cultures (with comments and a rejoinder by the 

author). https://doi.org/101214/ss/1009213726. 2001;16(3):199-231. 

doi:10.1214/SS/1009213726 

93.  Leek JT, Peng RD. What is the question? Science (80- ). 2015;347(6228):1314-1315. 

doi:10.1126/SCIENCE.AAA6146 

94.  Habehh H, Gohel S. Machine Learning in Healthcare. Curr Genomics. 2021;22(4):291. 

doi:10.2174/1389202922666210705124359 

95.  Shehab M, Abualigah L, Shambour Q, et al. Machine learning in medical applications: A 

review of state-of-the-art methods. Comput Biol Med. 2022;145:105458. 

doi:10.1016/J.COMPBIOMED.2022.105458 

96.  Zhou B, Yang G, Shi Z, Ma S. Natural Language Processing for Smart Healthcare. IEEE Rev 

Biomed Eng. Published online 2022. doi:10.1109/RBME.2022.3210270 

97.  Wu H, Wang M, Wu J, et al. A survey on clinical natural language processing in the United 

Kingdom from 2007 to 2022. npj Digit Med 2022 51. 2022;5(1):1-15. doi:10.1038/s41746-

022-00730-6 

98.  Esteva A, Chou K, Yeung S, et al. Deep learning-enabled medical computer vision. npj Digit 

Med 2021 41. 2021;4(1):1-9. doi:10.1038/s41746-020-00376-2 

99.  Ulhaq A, Khan A, Gomes D, Paul M. Computer Vision For COVID-19 Control: A Survey. 

Published online April 15, 2020. Accessed March 28, 2023. 

https://arxiv.org/abs/2004.09420v2 

100.  Nassif AB, Shahin I, Attili I, Azzeh M, Shaalan K. Speech Recognition Using Deep Neural 

Networks: A Systematic Review. IEEE Access. 2019;7:19143-19165. 

doi:10.1109/ACCESS.2019.2896880 

101.  Latif S, Qadir J, Qayyum A, Usama M, Younis S. Speech Technology for Healthcare: 

Opportunities, Challenges, and State of the Art. IEEE Rev Biomed Eng. 2021;14:342-356. 

doi:10.1109/RBME.2020.3006860 

102.  De Croon R, Van Houdt L, Htun NN, Štiglic G, Vanden Abeele V, Verbert K. Health 

recommender systems: systematic review. J Med Internet Res. 2021;23(6):e18035. 

103.  Tran TNT, Felfernig A, Trattner C, Holzinger A. Recommender systems in the healthcare 

domain: state-of-the-art and research issues. J Intell Inf Syst. 2021;57:171-201. 

104.  Carvalho LFM, Teixeira CHC, Meira W, Ester M, Carvalho O, Brandao MH. Provider-

Consumer Anomaly Detection for Healthcare Systems. Proc - 2017 IEEE Int Conf Healthc 

Informatics, ICHI 2017. Published online September 8, 2017:229-238. 

doi:10.1109/ICHI.2017.75 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



24 

105.  Ukil A, Bandyoapdhyay S, Puri C, Pal A. IoT healthcare analytics: The importance of 

anomaly detection. Proc - Int Conf Adv Inf Netw Appl AINA. 2016;2016-May:994-997. 

doi:10.1109/AINA.2016.158 

106.  Zeger SL, Irizarry R, Peng RD. On Time Series Analysis of Public Health and Biomedical 

Data. https://doi.org/101146/annurev.publhealth26021304144517. 2006;27:57-79. 

doi:10.1146/ANNUREV.PUBLHEALTH.26.021304.144517 

107.  Barabási AL, Gulbahce N, Loscalzo J. Network medicine: a network-based approach to 

human disease. Nat Rev Genet 2011 121. 2010;12(1):56-68. doi:10.1038/nrg2918 

108.  Luke DA, Harris JK. Network Analysis in Public Health: History, Methods, and 

Applications. https://doi.org/101146/annurev.publhealth28021406144132. 2007;28:69-93. 

doi:10.1146/ANNUREV.PUBLHEALTH.28.021406.144132 

109.  Bayram F, Ahmed BS, Kassler A. From concept drift to model degradation: An overview on 

performance-aware drift detectors. Knowledge-Based Syst. 2022;245:108632. 

doi:10.1016/J.KNOSYS.2022.108632 

110.  L’Heureux A, Grolinger K, Elyamany HF, Capretz MAM. Machine Learning with Big Data: 

Challenges and Approaches. IEEE Access. 2017;5:7776-7797. 

doi:10.1109/ACCESS.2017.2696365 

111.  Giray G. A software engineering perspective on engineering machine learning systems: State 

of the art and challenges. J Syst Softw. 2021;180:111031. doi:10.1016/J.JSS.2021.111031 

112.  van Royen FS, Moons KGM, Geersing GJ, van Smeden M. Developing, validating, updating 

and judging the impact of prognostic models for respiratory diseases. Eur Respir J. 

2022;60(3). doi:10.1183/13993003.00250-2022 

113.  Singh RP, Hom GL, Abramoff MD, Campbell JP, Chiang MF. Current Challenges and 

Barriers to Real-World Artificial Intelligence Adoption for the Healthcare System, Provider, 

and the Patient. Transl Vis Sci Technol. 2020;9(2):45-45. doi:10.1167/TVST.9.2.45 

114.  Ashmore R, Calinescu R, Paterson C. Assuring the Machine Learning Lifecycle. ACM 

Comput Surv. 2021;54(5). doi:10.1145/3453444 

115.  De Silva D, Alahakoon D. An artificial intelligence life cycle: From conception to 

production. Patterns. 2022;3(6):100489. doi:10.1016/J.PATTER.2022.100489 

116.  Shearer C. The CRISP-DM model: the new blueprint for data mining. J data Warehous. 

2000;5(4):13-22. 

117.  Haakman M, Cruz L, Huijgens H, van Deursen A. AI lifecycle models need to be revised: An 

exploratory study in Fintech. Empir Softw Eng. 2021;26(5):1-29. doi:10.1007/S10664-021-

09993-1/FIGURES/8 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



25 

118.  Wilson K, Bell C, Wilson L, Witteman H. Agile research to complement agile development: 

a proposal for an mHealth research lifecycle. npj Digit Med 2018 11. 2018;1(1):1-6. 

doi:10.1038/s41746-018-0053-1 

119.  Duque R, Kokol P. Agile Software Development in Healthcare: A Synthetic Scoping Review. 

Appl Sci 2022, Vol 12, Page 9462. 2022;12(19):9462. doi:10.3390/APP12199462 

120.  Nordmark S, Lindberg I, Zingmark K. “It’s all about time and timing”: nursing staffs’ 

experiences with an agile development process, from its initial requirements to the 

deployment of its outcome of ICT solutions to support discharge planning. BMC Med Inform 

Decis Mak. 2022;22(1):1-16. doi:10.1186/S12911-022-01932-4/TABLES/4 

121.  Lei H, O’Connell R, Ehwerhemuepha L, Taraman S, Feaster W, Chang A. Agile clinical 

research: A data science approach to scrumban in clinical medicine. Intell Med. 2020;3-

4:100009. doi:10.1016/J.IBMED.2020.100009 

122.  Robertson EG, Wakefield CE, Cohn RJ, O’Brien T, Ziegler DS, Fardell JE. The Development 

of Delta: Using Agile to Develop a Decision Aid for Pediatric Oncology Clinical Trial 

Enrollment. JMIR Res Protoc. 2018;7(5). doi:10.2196/RESPROT.9258 

123.  Tsangaris E, Edelen M, Means J, et al. User-centered design and agile development of a 

novel mobile health application and clinician dashboard to support the collection and 

reporting of patient-reported outcomes for breast cancer care. BMJ surgery, Interv Heal 

Technol. 2022;4(1). doi:10.1136/BMJSIT-2021-000119 

124.  Saltz JS, Krasteva I. Current approaches for executing big data science projects—a 

systematic literature review. PeerJ Comput Sci. 2022;8:e862. doi:10.7717/PEERJ-

CS.862/TABLE-3 

125.  Saltz JS, Shamshurin I. Big data team process methodologies: A literature review and the 

identification of key factors for a project’s success. Proc - 2016 IEEE Int Conf Big Data, Big 

Data 2016. Published online 2016:2872-2879. doi:10.1109/BIGDATA.2016.7840936 

126.  Ermakova T, Blume J, Fabian B, Fomenko E, Berlin M, Hauswirth M. Beyond the Hype: 

Why Do Data-Driven Projects Fail? Proc Annu Hawaii Int Conf Syst Sci. 2021;2020-

January:5081-5090. doi:10.24251/HICSS.2021.619 

127.  Hariri RH, Fredericks EM, Bowers KM. Uncertainty in big data analytics: survey, 

opportunities, and challenges. J Big Data. 2019;6(1):1-16. doi:10.1186/S40537-019-0206-

3/TABLES/2 

128.  Floridi L. Establishing the rules for building trustworthy AI. Nat Mach Intell 2019 16. 

2019;1(6):261-262. doi:10.1038/s42256-019-0055-y 

129.  Kaur D, Uslu S, Rittichier KJ, Durresi A. Trustworthy Artificial Intelligence: A Review. ACM 

Comput Surv. 2022;55(2). doi:10.1145/3491209 

130.  Commission E, for Communications Networks C, Technology. Ethics Guidelines for 

Trustworthy AI. Publications Office; 2019. doi:doi/10.2759/346720 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



26 

 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



1 

 

Highlights:  
 

 

 As digital technologies become integrated into cancer care, nurses will need to increase their 

knowledge and skills to effectively use these tools to improve patient care.  

 

 Nurses will need to understand the core concepts of AI and big data; effectively use digital 

health platforms; and be able to interpret the outputs of data-driven interventions.  

 

 Nurses will play a crucial role in patient education around big data and AI, ensuring that 

patients understand and trust relevant technologies and clarify any concerns and 

misconceptions.  

 

Highlights (for review)


