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1.1 Personalized medicine

Traditionally, the standard approach to medical practice is based on generalized 
guidelines and treatment protocols that are applied to all patients with a 
particular condition or disease. In this approach, individual variations and unique 
characteristics of patients might be overlooked, and treatment decisions are made 
based on population averages. Standard tests and treatments are prescribed without 
always considering the potential differences in genetic makeup, lifestyle, and 
environmental factors that can influence a patient's response to treatment. Without 
explicitly considering patients’ profile, some patients may experience suboptimal 
treatment outcomes or even adverse effects. The limitations of the one-size-fits-
all approach highlight the importance of transitioning to more individualized and 
precise approaches, to optimize patient care and treatment success (1). 

Personalized medicine, also known as precision medicine, represents a paradigm 
shift from the conventional one-size-fits-all approach to an individualized approach 
by tailoring medical interventions to the unique characteristics of each patient (1–3).  
In contrast to traditional approaches, personalized medicine recognizes that 
individuals may respond differently to diseases and therapies due to their unique 
characteristics (2). This approach offers several possible advantages over the 
traditional model. Firstly, personalized medicine allows for more accurate disease 
diagnosis, enabling early detection and prevention of illnesses (4). Personalized 
medicine takes a tailored approach, analyzing an individual's genetic profile, 
molecular markers, and specific clinical information to identify disease risk (1).  
This targeted approach enhances the ability to detect diseases at an early 
stage when interventions are most effective and can potentially prevent the 
development of more serious conditions (5). Secondly, it facilitates the selection 
of optimal treatment plans, minimizing adverse effects and improving patient 
outcomes (6). Personalized medicine enables healthcare providers to identify 
specific therapeutic targets that are more likely to respond to treatment by 
gaining a comprehensive understanding of an individual patient's profile (7,8).  
This approach enhances chance of success, minimizes the need for trial-and-error 
treatment attempts (9), reducing the risk of ineffective or harmful interventions (10). 
Therefore, personalized medicine has the potential to reduce healthcare costs, by 
avoiding ineffective treatments. Targeted therapies can be more cost-effective than 
broad-spectrum treatments, as they are specifically tailored to the patient's disease 
and are more likely to be effective (11). Finally, by identifying patients who are less 
likely to respond to certain treatments, healthcare providers can avoid unnecessary 
expenses associated with ineffective therapies (12).
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Despite the evident benefits and transformative potential of personalized medicine, 
its comprehensive implementation across healthcare systems remains a pressing 
issue. Systematic integration of this highly tailored approach is fraught with 
complexities, ultimately slowing down its transition from an appealing concept 
into everyday medical practice. This gap between potential and actual realization 
underscores a crucial challenge in the evolution of modern healthcare. It serves as 
a potent reminder that although we possess the means for a more patient-oriented 
approach, the actual application is behind pace, subsequently depriving patients of 
the comprehensive benefits of personalized care. 

However, several challenges are impeding the universal realization of precision 
medicine. One significant challenge is the complexity of managing and analyzing 
diverse patient data. Personalized medicine relies on a range of information, 
including genetic data, medical records, imaging data, lifestyle factors, and more. 
The integration and analysis of such complex data present a considerable hurdle (13). 
Clinical validation is another key challenge in personalized medicine. Validating 
the efficacy and safety of personalized treatment approaches requires extensive 
clinical trials and studies. This process can be time-consuming and costly (14). 
Furthermore, for comprehensive and accurate decision making, it is essential to 
have access to complete and reliable data. However, another challenge arises in that 
the required data are not always reliably available or accessible. This could be due 
to factors such as disparate data sources, missing records, privacy concerns or the 
lack of standardized data formats (3,15). For personalized medicine to achieve full 
potential, it is important to solve these data related challenges, as timely and tailored 
interventions can significantly impact patient outcomes.

1.2 Artificial intelligence & Machine learning

In the quest to bridge the gap between the promise and the realization of 
personalized medicine, the integration of cutting-edge technologies and innovations 
becomes indispensable. The complexity of managing and interpreting diverse 
patient data necessitates the exploration of advanced methodologies that go beyond 
traditional techniques. Among the pantheon of technological innovations, Artificial 
Intelligence (AI) has emerged as a dynamic and multifaceted field with the potential 
to revolutionize personalized medicine. AI methods offer promising solutions to 
the challenges encountered in precision medicine. Managing and analyzing diverse 
patient data, a significant hurdle, can be overcome with the help of AI. By employing 
AI algorithms, healthcare providers can efficiently integrate, process, and analyze 
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big data, extracting meaningful insights. AI techniques help transform big data into 
clinically actionable knowledge, enabling the identification of patient diagnoses, 
outcomes, and treatment responses (16,17). AI's extensive realm includes robotics, 
natural language processing, and most pertinently, Machine Learning (ML) and 
Deep Learning (DL). Particularly in oncology, AI algorithms are being intertwined in 
various facets of clinical prediction. Whether it is analyzing histopathological images 
for tumor diagnosis (18) or predicting treatment responses (19,20), AI is playing 
a central role. Integrating diverse data, these algorithms lay the groundwork for 
personalized treatment strategies.

Delving deeper, ML focuses on the development of algorithms and models that can 
improve their performance over time through experience. ML algorithms excel at 
identifying complex patterns, correlations, and biomarkers that contribute to disease 
susceptibility, treatment response, and prognosis. An example application can be 
seen in diagnosing prostate cancers in the transition zone (TZ). Utilizing ML on 
multiparametric MRI data, models achieved over 93% accuracy in differentiating TZ 
prostate cancer from benign conditions (21). One significant application of ML is in 
oncology, where it aids in creating individualized treatment plans. ML algorithms 
sift through a wealth of patient data, including medical histories and treatment 
responses, to deliver tailored treatment recommendations. This personalized 
approach ensures that oncologists have the necessary insights to formulate treatment 
regimens that consider the unique needs of each patient  (22,23). Beyond this ML 
also has been instrumental in developing models that predict patient outcomes. At 
its core, clinical prediction models, including predictive and prognostic variants, 
aim to estimate potential health outcomes based on individual patient data. ML 
enriches these models  processing a wealth of information to predict not only patient 
longevity but also risks like disease recurrence or severe side effects. For instance, 
ML algorithms achieved accuracy of 95.12% predicting locoregional recurrence In the 
context of head and neck squamous cell carcinomas (23).  Such predictive capabilities 
can significantly influence timely interventions and personalized care planning, 
enabling healthcare professionals to manage patient risks more effectively  (24) (25).

ML models employ a range of algorithms, including supervised methods such as 
logistic regression, random forests, and support vector machines. These models 
can be trained using labeled data, allowing them to learn from past experiences 
and improve their performance over time (29). The development and evaluation of 
ML models in healthcare involve rigorous methodologies, including data collection, 
model development, and performance evaluation. These models can be evaluated 
based on their accuracy, sensitivity, specificity, and other performance metrics. 
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1.4 Challenges of using AI/ML models

The application of AI prediction models in healthcare, while promising, is not 
without its challenges. One of the primary obstacles is the need for substantial, high-
quality data for training and validating these models (33). Accessing and integrating 
healthcare data from various sources can be a complex endeavor, fraught with issues 
related to privacy, data security, and a lack of interoperability between different 
systems (34,35). Furthermore, as healthcare data is fragmented across institutions 
and organizations, collaboration becomes challenging when trying to amass 
comprehensive, representative datasets needed for effective AI training (36).

Ethical considerations also pose challenges in the use of AI prediction models in 
healthcare. Bias and fairness issues can arise if the training data used to develop AI 
models is not representative of the diverse patient populations. AI models that are 
not designed and validated with inclusivity and fairness in mind may inadvertently 
reinforce healthcare inequalities (34).

Safety is another critical concern. AI algorithms can, on occasion, make incorrect or 
unsafe recommendations that could potentially harm patients (37). Consequently, 
model interpretability and explainability become essential. AI models, which often 
operate as so-called "black boxes" with little transparency in their decision-making 
processes, can hinder acceptance and trust among healthcare professionals and 
patients. Interpretability and explainability in AI prediction models are therefore 
important not only for safety, but also for gaining the trust of those who rely on AI 
for healthcare decisions (38–40). Indeed, the reliability of AI models is paramount, 
especially in contexts where decisions are deeply personal and nuanced.

1.5 Preference-Sensitive Situations in Oncology

In the context of our prior discussion on AI's role in medical treatment, its 
application becomes even more pertinent in preference-sensitive situations. 
Preference-sensitive situations refer to clinical scenarios where there are multiple 
treatment options available, each with different benefits, risks, and consequences. 
These situations often arise when there is no clear superior treatment option based 
on clinical evidence alone. Instead, the choice of treatment depends on individual 
patient preferences, values, and priorities (41,42). These scenarios highlight the 
importance of effectively managing preference-sensitive situations, as treatment 
decisions can have significant impacts on patients' quality of life and treatment 
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outcomes. A misalignment between the patient's preferences and the chosen 
treatment can lead to dissatisfaction, non-adherence to treatment, and suboptimal 
outcomes. Two forms of cancer are generally mainly considered preference-sensitive, 
namely prostate cancer and breast cancer. Despite the high survival rates of breast 
and prostate cancer, treatment decisions can be complex and overwhelming, leading 
to significant emotional and psychological distress for patients. 

1.5.1	 Prostate cancer
Prostate cancer ranks as the second most prevalent cancer among men worldwide 
(43,44). In the Netherlands, prostate cancer affects over 13,000 men annually, making 
it the leading form of cancer in the male population (45). This significant incidence 
highlights the importance of addressing prostate cancer as a major health concern 
and emphasizes the need for effective prevention, early detection, and tailored 
treatment strategies to improve patient outcomes. Localized prostate cancer is a 
prime example of a preference-sensitive scenario, where treatment decisions often 
vary based on individual patients' needs and values. Since the treatment options for 
localized prostate cancer often involve a complex trade-off between potential harms 
and benefits, involving patients in the decision-making process is essential. This 
collaborative approach ensures that choices align closely with each patient's unique 
priorities and preferences, fostering a personalized healthcare experience that is 
likely to result in higher satisfaction and adherence to the chosen treatment path. 

1.5.2	Breast cancer
Breast cancer is a widespread concern among women globally, with approximately 
2.3 million new cases and mortality rate of 685,000 reported each year (46,47). In 
the Netherlands, the incidence of breast cancer is notably significant, affecting 
one in eight women. The average age at diagnosis is around 61 years (48). Typically, 
over 87% of women diagnosed with breast cancer survive at least 5 years following 
their diagnosis, and more than 77% survive at least 10 years. These statistics serve 
as a general representation of the average outcome, highlighting the importance of 
early detection and personalized treatment strategies in improving patient’s quality 
of life. The management of breast cancer varies based on factors such as tumor 
characteristics and stage as well as survival prognosis. Personalized medicine and 
targeted therapies have emerged as promising approaches to improve treatment 
outcomes and minimize side effects (49). In treating breast cancer, a preference-
sensitive scenario emerges where the selection of treatment options must be 
carefully tailored to individual values and preferences. The decision-making process 
often requires a nuanced trade-off between potential risks and benefits, reflecting 
the patient's unique circumstances. 
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Despite the high survival rates of breast and prostate cancer, treatment decisions can 
be complex and overwhelming, leading to significant emotional and psychological 
distress for patients. 

1.6 Shared decision making

In preference-sensitive situations where multiple options exist and personal values 
strongly influence the choice, shared decision making (SDM) plays a pivotal role. 
SDM is a collaborative approach in which patients are thoroughly educated about 
their options and that healthcare providers engage in open, two-way communication 
to ensure that the chosen course of action aligns with the patient's values and 
desired quality of life (41,50). This process enables patients to express their values, 
preferences, and concerns, while healthcare providers offer evidence-based 
information and guidance. Together, they reach a mutually agreed-upon decision 
that aligns with the patient's unique circumstances and goals. 

SDM has been found to offer several benefits compared to other ways of treatment 
decision-making. One of the most significant benefits of SDM is the enhancement 
of patients' knowledge. Engaging patients in their treatment choices fosters 
a richer comprehension of their health situation, empowering them to make 
decisions that best suit their individual conditions (51). Furthermore, SDM boosts 
patient satisfaction, fostering adherence to treatments and enhancing the quality 
of life due to the autonomy it grants. It also curtails decisional regret by enabling 
patients to meticulously evaluate treatment choices, bolstering their decision-
making confidence (52–54). Through SDM, there's potential to sidestep unwarranted 
treatments. Aligning medical strategies with patients' preferences results in more 
fitting interventions, optimizing outcomes and cutting care costs (55,56).

However, using SDM comes with its own set of challenges. Busy clinic schedules, 
limited resources, and the complex nature of some decisions can make it hard 
to implement smoothly (52,57). Additionally, providing information to a diverse 
patient population, especially considering varied health literacy levels, poses another 
challenge (57,58). Furthermore, the success of SDM largely depends on clinicians' 
understanding and expertise in its principles – factors that can sometimes be absent 
or unevenly practiced (59).
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1.7 Patient decision aid

To further enhance the efficacy of SDM, particularly when complex medical decisions 
must be made, patient decision aids (PDA) are highly recommended. These aids 
can be vary in formats such as pamphlets, videos or interactive web tools and  are 
designed to do more than just provide information. They break down complex 
medical terms and treatment options into language that patients can understand, 
helping them define their treatment goals. Unlike standard educational materials, 
PDAs are crafted to help patients make decisions that align with their individual 
values and preferences. This includes presenting options in a balanced manner, 
describing potential outcomes, and clearly outlining associated risks and benefits. 
This leads to increased knowledge, greater alignment of chosen treatments with a 
patient's personal values and diverts from unnecessary invasive treatments. In 
the context of cancer treatment, the function of PDAs is even more significant. 
By reducing uncertainty and conflict in decision-making, PDAs can lead to higher 
patient satisfaction with the care received.

PDAs help patients make informed decisions, however, their implementation comes 
with several challenges. One major challenge is the potential for overwhelming 
patients with excessive information (57). While they aim to offer thorough details 
on treatment options and risks, presenting too much information can overload 
patients, making it harder for them to make decisions. (60,61). The varying levels of 
health literacy among patients and increasing reliance on digital PDAs introduces an 
additional layer of complexity. PDAs need to be accessible and comprehensible to a 
broad spectrum of patients, irrespective of their health literacy levels. Therefore, it is 
paramount that these tools be crafted with consideration for varying levels of health 
literacy to ensure accessibility and understanding for all patients. Furthermore, 
ensuring the accuracy, currency, and impartiality of PDA content is also a significant 
challenge. The constant evolution of medical knowledge and guidelines underscores 
the need for adaptable and responsive decision aids. In this context, there's a growing 
interest in leveraging technology that incorporates new data and insights. AI/ML 
models can assist in this process ensuring that patients and healthcare providers 
have timely access to the most current and evidence-based information for informed 
decision-making (62,63). 

In the forthcoming section, we will delve into the potential integration of AI within 
these PDAs, pinpointing areas where AI could augment their efficacy and bring about 
even more personalized decision support.
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the perspectives of patients and healthcare providers are particularly crucial when it 
comes to the adoption of AI-based decision aids. 

For healthcare providers, the use of these tools should be perceived as beneficial 
and not as an additional burden. Providers may have concerns about the accuracy 
and reliability of AI-based recommendations, especially when these tools offer 
suggestions that diverge from their clinical intuition or experience. Trust in 
AI's recommendations is crucial, as is the need for providers to feel comfortable 
explaining AI-assisted decisions to their patients. Additionally, healthcare providers 
might be concerned about the potential medico-legal implications of using AI in 
their practice. They may also have reservations about the time and effort required to 
integrate these tools into their existing workflows. Patients, on the other hand, may 
have their own set of concerns. Trust in AI-based recommendations is paramount. 
Patients may be skeptical about the use of AI in their care, questioning the ability 
of algorithms to understand their unique situations and values. They may also 
be concerned about data privacy and the potential for their personal information 
to be misused. Patients' willingness to accept AI-assisted recommendations may 
also depend on their understanding of the technology and its benefits. Therefore, 
healthcare providers must be prepared to explain how AI-based decision aids work 
and how they can help to inform more personalized, evidence-based care decisions.

1.8 Aim of thesis

Over time, as these barriers are addressed and more AI-based decision aids 
are developed and tested, it is likely that their use in SDM will become more 
commonplace. The key is to carefully manage this transition, ensuring that AI-based 
decision aids are integrated in a way that enhances, rather than hinders, the SDM 
process. Therefore, this thesis seeks to contribute to scientific knowledge on adoption 
of AI for SDM specifically focusing on the transparency of AI and incorporating 
patients' preferences in the context of breast and prostate cancer. 
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Abstract

Given the impact of health literacy (HL) on patients' outcomes, limited health literacy 
is a major barrier to improve cancer care globally. HL refers to the degree in which 
an individual is able to acquire, process, and comprehend information in a way to be 
actively involved in their health decisions. Previous research found that almost half 
of the population in developed countries have difficulties in understanding health-
related information. With the gradual shift toward the shared decision making 
process and digital transformation in oncology, the need for addressing low HL 
issues is crucial. Decision making in oncology is often accompanied by considerable 
consequences on patients' lives, which requires patients to understand complex 
information and be able to compare treatment methods by considering their own 
values. How health information is perceived by patients is influenced by various 
factors including patients' characteristics and the way information is presented to 
patients. Currently, identifying patients with low HL and simple data visualizations 
are the best practice to help patients and clinicians in dealing with limited health 
literacy. Furthermore, using eHealth, as well as involving HL mediators, supports 
patients to make sense of complex information.
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To get the most out of SDM, it is therefore important to consider factors that cause 
and influence HL and examine strategies to deal with LHL. The goal of this mini-
review is to explore the consequences of LHL and propose strategies to effectively 
deal with patients with LHL during medical decision making in oncology.

In this narrative mini-review, we reviewed the scientific literature related to HL 
that was published from 2000 to investigate different aspects of HL, barriers, and 
facilitators with a focus on medical decision making.

2.2 The Impact of Inadequate HL Skills

A person with adequate HL is able to identify and access reliable sources of 
information, as well as differentiate it from misinformation, perceive risk, and 
analyze data about their own situation.18 Adequate HL is associated with patients' 
ability to manage their disease in general, their ability to effectively communicate 
with care providers, and participate in the health decision-making process.19,20 
Therefore, adequate HL will put the patient on the right care path and eventually 
promote the quality of care.21

In oncology in particular, inadequate HL could lead to many undesirable outcomes. 
For instance, wrongfully interpreting risks produced by a clinical decision support 
system could lead patients and their doctors to choose a less suitable treatment option 
because of misinterpretation of the results.22,23 Also, not completely understanding 
the advantages and disadvantages of a treatment decision and their impact could 
lead to decisional regret later on.24 To compare the benefits and limitations of a 
treatment option, sufficient HL skills are required. In the prevention of cancer, 
screening to diagnose cancer in an early stage is currently common for several 
types of cancer. The uncertainty and explainability of the results and possibility of 
harm because of overdiagnosis and false-positive or false-negative results could be 
especially harmful for people with low HL because of their lack of understanding. 
Overestimating risk because of lack of HL skills can lead to overestimating benefits 
or risk. For example, a study in nine European countries found that 92% of women 
and 89% of men overestimate the benefits of mammography and prostate-specific 
antigen as markers for breast cancer and prostate cancer, respectively.25,26 On the 
contrary, overestimating risks instead of benefits might lead to unnecessary fear and 
decreased mental health status,27 and may cause patients to choose the safe (ie, more 
invasive but not necessarily more effective) treatment option, although this may 
increase side effects.28
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LHL can also lead to a poorer quality of life (QOL). For instance, people with LHL 
are more likely to adopt an unhealthy lifestyle such as smoking or lack of exercise, 
which will increase risk of developing chronic diseases29 and subsequently reduce 
their QOL.30 Patients with lower HL are also less likely to use preventive health 
services, resulting in later diagnosis of cancer. This delay in diagnosis and treatment 
increases the risk of hospitalization,31 reduces the odds of survival, and increases the 
cost of care.30 Because of this cascade of accumulating negative impacts, patients 
with LHL are 1.5-3 times more likely to encounter undesirable health events such 
as higher risk of hospitalization.5 Additionally, certain characteristics make people 
more susceptible to LHL and influence risk perception. These risk factors include 
older age, lower educational level, lower socioeconomic status, immigration, having 
chronic diseases, and physical or mental disabilities.5,8,32

Recently, the use of digital tools in informing patients has gained special attention, 
and a growing number of digital tools have been offered to patients to promote HL and 
reduce health inequalities. However, the lack of digital literacy skills can negatively 
affect their use and worsen the situation.33 For example, artificial intelligence (AI) 
has shown promising results in predicting treatment outcomes, and many clinical 
support systems incorporated intelligent prediction models.34 However, interpreting 
the risks presented by AI is challenging, especially for people with LHL.35 In some 
cases, the information presented is too vague or skewed to highlight the benefits, 
possibly resulting in misunderstanding by its users. Therefore, digital/eHealth 
literacy, which refers to the ability of individuals to access, comprehend, and use 
health-related information digitally, is of great importance36,37 or assess their 
ability to navigate digital tools38 and explore information, while little is known about 
how patients perceive eHealth information.39

2.3 �Practical Solutions to Deal with Lhl/insights for 
Intervention

Because of the severe and cascading effects that LHL can have, strategies are 
warranted that allow better participation of patients with LHL in medical decision 
making. Here, we describe four strategies that could be applied in clinical practice 
immediately (Fig 1). The first and most important strategy is to identify patients 
with LHL to adapt communication and presentation of health information. Other 
strategies involve support measures to aid communication and visualization.
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LHL, providing a shame-free environment is essential. Cornett et al42 proposed 
an indirect framework for assessing HL by observing patients' behavior and 
asking questions about their understanding from a piece of text. Inability to give a 
complete overview of their own medical history and feeling nervous with complex 
information are some examples of common observed behaviors in individuals 
with LHL. Recently, in the Netherlands, first interactive digital tools have been 
developed to identify and practice communication to people with LHL.43 Given the 
fact that no consensus has been reached on the best method to assess HL and given 
the disadvantages of HL questionnaires, we propose a less formal and multidesign 
approach. This multidesign approach could consist of a combined e-learning and 
training to medical professionals to quickly identify patients with LHL. In addition, 
we propose to identify patients with LHL by using a short version of the HL screening 
tools and frame it as a way to personalize information. Ideally, the outcome of the 
test would result in a digital signal to the electronic patient dossier that a patient 
has a LHL. Identifying HL level is the first step to communicate risk information in a 
personalized way.

Strategy 2: Aiding LHL Through eHealth
As the health care system and patient engagement experience become more 
integrated, the use of eHealth in the care path is gaining prominence. As the health 
care system and patient engagement experience become more integrated, eHealth 
is gaining prominence. eHealth allows patients and care providers to collaborate 
effectively for better health outcomes.44 Telehealth and telemedicine with the aim 
of delivering health service includes interactive communication between those two 
parties by means of information technology. There have been overlaps between 
the terms telemedicine and telehealth, but telehealth includes a wider spectrum 
of remote health care than telemedicine. Telehealth refers to an entire range of 
technologies and services that are used for providing patient care and improving 
the health care delivery system in general. Telemedicine, however, refers to the 
providing of health care services and education via the internet or other means of 
telecommunications. Telemedicine is increasingly popular for clinical services 
that can be provided remotely such as follow-up patients or management of 
chronic diseases. Teleconsultation is the use of telehealth technologies to facilitate 
communication between patients and general practitioners.45

eHealth has many uses and can, for example, assist in the decision-making process, 
provide patients with information about their disease and treatment, or predict 
future outcomes (with AI). The first and second are the common forms of eHealth 
in oncology and are generally called patient decision aid (PDA). The goal of such a 
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A second component of risk presentation is the visual representation of that risk, 
ideally with visual aids. In general, visual aids will convey information better than 
conventional numerical formats,32 but there are many options to choose from. The 
most commonly used visual aids are icon arrays (Fig 2A) and bar charts (Fig 2B).

Fig 2. (A) Icon array and (B) bar chart.

Icon arrays are a type of visual aid in which a shape is repeated a number of times, 
generally 100 times, when risks are displayed. A subset of those shapes will be 
presented differently to indicate a proportion. For example, a risk of 15% would be 
represented as 15 blue boxes in a field of 100 gray boxes (Fig 1A). This type of visual aid 
lends itself well to presenting percentages in a larger population.

It is important to note that the way the shapes are presented may influence the 
users' understanding. Zikmund-Fisher et al58 found that anthropomorphic icons, 
that is, icons that resemble human or human-like form (Fig 3A), were preferred 
by most patients, and Wangeamsermsuk and Jiamsanguanwong59 found that 
anthropomorphic icons were the preferred format in populations with varying HL 
levels, but that risk perception in patients with LHL was better with shapes that 
referred to (close to) real-life objects (Fig 3B).
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