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Abstract 

We investigated whether icon arrays help to make deficits in participants’ 

comprehension of health risk information salient, especially for participants with low 

graph literacy (ability to read and use information depicted in graphs). 240 

participants (126 female; average age: 27 years) were recruited through Prolific 

Academic. We presented treatment risk scenarios with either numbers only or 

numbers with icon arrays, and participants chose between two treatments or an 

explicit “I don’t know” option. We included letter strings as a cognitive load 

manipulation, and measures of graph literacy and numeracy. Contrary to hypotheses, 

only numeracy affected participants’ comprehension,  2 = 16.85, p <.001, f = 0.10, 

and calibration,  2 = 20.06, p <.001, f = 0.11, with no significant interaction between 

graph condition (icon vs numbers) and graph literacy. Our findings call into question 

the ways in which icon arrays are beneficial for presenting risk information. Future 

research should further investigate how appropriate icon arrays are for presenting 

risk information, and explore the utility of an “I don’t know” option in these 

scenarios. 
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With the introduction of the shared decision making (SDM) model in recent 

decades (Delazer, Kemmler, & Benke, 2013), patients are expected to play an active 

role in choosing their treatments (Reyna, Nelson, Han, & Dieckmann, 2009). Patient 

involvement in this decision making has been shown to improve patient outcomes 

(Geers et al., 2013). However, there is a vast range of complexities that these 

decisions can encompass (Reyna et al., 2009). Alongside this, there are regularly 

uncertainties regarding the risks of benefits of treatments (Peters, Hibbard, Slovic, & 

Dieckmann, 2007). In combination with the implementation of the SDM model, this 

has partly moved the burden of these complex choices onto the patient (Reyna et al., 

2009). 

When making medical decisions, there are a number of cognitive biases that 

can impact patients’ decisions (Gaissmaier et al., 2012). These biases can impact the 

way that doctors use medical information (Gigerenzer & Edwards, 2003), and they 

are even more prevalent in patients (Reyna et al., 2009). These cognitive biases are 

exemplified in patients with low numeracy and literacy skills (Choudhry et al., 2019; 

Garcia-Retamero & Cokely, 2017). To combat this, research has emerged aiming to 

understand the factors that facilitate good decision making processes (Nelson, 

Reyna, Fagerlin, Lipkus, & Peters, 2008). One technique that has been implemented 

to assist in medical decision making is to include graphs alongside complex 

information (Garcia-Retamero, Okan, & Cokely, 2012). Unfortunately, not everyone 

benefits from graphs, in terms of their understanding and memory of this complex 

information. Our study investigated whether graphs are still helpful for such 

participants in helping them to recognize the limits of their knowledge. We 

investigated this by giving participants an “I don’t know” response option 
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throughout our study to see if they could accurately identify situations in which they 

did not adequately understand the information they were given. 

Understanding Risk 

One factor that impacts patients’ decision making is health literacy: their 

ability to obtain and understand basic health information and use this to make 

decisions about their health (Nelson et al., 2008). People with high health literacy are 

better able to evaluate the risks and benefits of different courses of action. 

Conversely, people with low health literacy are more likely to be reliant on doctors’ 

opinions and recommendations (Galesic & Garcia-Retamero, 2011a). Healthcare is a 

field fraught with uncertainties, ranging from potential prognosis to benefits of 

treatment. We will be referring to these uncertainties as risk in this study. Medical 

professionals need to communicate risk in a way that patients can understand and use 

effectively. 

Risk perceptions are built from previous experience and information 

presented at the time of risk calculation, such as risk factors and prevalence, in an 

attempt to quantify the uncertainty in the situation (Cameron, 2008). Key 

information about risk is often expressed in terms of proportions, survival rates, and 

probabilities (Delazer et al., 2013). However, people are generally not skilled at 

interpreting and comprehending risk information (Allen, Edwards, Snyder, 

Makinson, & Hamby, 2014; Gigerenzer & Edwards, 2003). This makes the 

implementation of SDM difficult, if patients are not able to interpret the risk 

information they are given. While skill and experience do influence peoples’ ability 

to understand risk information, the presentation method plays a vital role in 

facilitating understanding (Gigerenzer & Edwards, 2003). There are several ways in 
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which health risk information can be presented, and some structures tend to be better 

understood than others (Gigerenzer & Edwards, 2003).  

One important distinction is the difference between relative and absolute risk 

reduction (Reyna et al., 2009). Relative risk is the ratio of the risk for one group 

compared to the same risk for another group (Malenka, Baron, Johansen, 

Wahrenberger, & Ross, 1993). For example, Treatment M leads to a 50% reduction 

in symptoms of nausea. Absolute risk defines the absolute magnitude of the risk, 

across all populations (Malenka et al., 1993). The previous example could be 

expressed as: Treatment M leads to a reduction in nausea symptoms from 2% to 1%. 

While these examples are expressing the same information, evidence suggests that 

relative risk information can be misleading to readers (Peters, Dieckmann, Dixon, 

Hibbard, & Mertz, 2007). Both patients and doctors believe that a treatment is more 

effective if the success rates are presented as relative risk reduction (cf. absolute risk 

reduction) (Forrow, Taylor, & Arnold, 1992; Malenka et al., 1993). Conversely, if 

death rates are presented as a relative risk, patients and doctors perceive these as 

more negative or aversive.  

Single event probabilities refer to the likelihood of a single event occurring, 

and are an easily misinterpreted due to the lack of explicit reference group 

(Gigerenzer & Edwards, 2003). An example of a single event probability is ‘30% of 

patients will experience insomnia when taking Drug A’. To reduce confusion, it is 

recommended that single event probabilities be presented as a frequencies, rather 

than probabilities (Hoffrage & Gigerenzer, 1998). Frequency statements refer to a 

number of observations in a class of events (Gigerenzer, 2003). Natural frequencies 

refer to the way that humans have encountered the information, as a concrete number 

of cases, before it has been normalised or changed from its raw form (Gigerenzer, 
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2003; Hoffrage & Gigerenzer, 1998). Using the same example as before, this 

information could be portrayed as; ‘Out of every 10 people that take Drug A, 3 will 

experience insomnia as a side effect’. This clarifies the reference group as the 

patients taking the drug.  

Hoffrage and Gigerenzer (1998) asked doctors to calculate the accuracy of a 

diagnostic test; when displayed as probabilities, only 10% of responses were correct. 

However, when this same information was presented as natural frequencies, correct 

estimations increased to 46%. Unsurprisingly, lay people also struggle to weigh up 

the complex medical information they receive (Peters, Dieckmann, et al., 2007). The 

biases are exacerbated when people are not skilled at working with numbers (Delazer 

et al., 2013; Reyna et al., 2009). Cosmides and Tooby (1996) found a similar 

phenomenon; participant accuracy was 12% when information was presented as 

single event probabilities, compared to 72% accuracy using natural frequencies. 

While using natural frequencies is an effective technique at reducing reasoning 

errors, with accuracy rates varying from 35-72%, this leaves substantial room for 

improvements in evaluating risk information (Barbey & Sloman, 2007).  

Denominator Bias 

Base rate neglect is the tendency to undervalue base rate information and 

instead focus on the individual, or case specific, information (Barbey & Sloman, 

2007; Newman, Gibb, & Thompson, 2017). For example, people are more likely to 

be afraid of flying due to the risk of the plane crashing, but they are not as afraid of 

driving in a car. While car crashes occur at a much higher rate than plane crashes 

(the base rate), plane crashes are well publicised and are thus more likely to spring to 

mind (case specific information) (Alter, Oppenheimer, Epley, & Eyre, 2007). Base 

rate neglect forms the basis for denominator neglect (or denominator bias); a 
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common cognitive bias that influences interpretation of numerical information 

(Okan, Garcia-Retamero, Cokely, & Maldonado, 2012). Denominator bias describes 

the tendency to focus only on the number of times an event has happened 

(numerator), and neglect the total number of opportunities for the event to occur 

(denominator).  

In the medical decision making setting, denominator bias can be detrimental 

to the accuracy of patients’ risk estimations (Okan et al., 2012). Denominator bias is 

most prevalent when comparing two groups, such as treated and non-treated, that 

differ in size (Garcia-Retamero et al., 2012). When comparing two different groups, 

it is recommended that the size of the denominators be kept consistent, to allow for 

ease of comparison (Garcia-Retamero & Cokely, 2017). However, this is not always 

possible, as it is common in clinical trials for there to be inconsistencies between the 

control and treatment groups, due to factors such as varying attrition rates (Calabrese 

et al., 2003). For example, consider a scenario where 10 people out of a sample of 

100 using treatment A died, compared to treatment B, where 50 people died, from a 

sample of 1000. Despite the risk of death being higher for treatment A (i.e., 10/100 = 

10%) than treatment B (i.e., 50/1000 = 5%), denominator bias would lead people to 

rate treatment B as riskier because the numerator (number of deaths) is higher for 

treatment B than treatment A. Denominator bias undermines patients’ ability to 

interpret treatment effects and accurately assess risks and, consequently, to make 

well-informed treatment decisions (Garcia-Retamero et al., 2012). Denominator 

neglect has been found to be more prevalent in those with low numeracy ability 

(Garcia-Retamero & Cokely, 2017).  
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Health Numeracy 

Health numeracy is an important factor in patient understanding and decision 

making (Delazer et al., 2013). Whilst general numeracy is defined as the ability to 

understand, use, and give meaning to numbers (Nelson et al., 2008), health numeracy 

(hereafter referred to as ‘numeracy’)  specifically refers to the ability to use 

numerical skills to process and understand quantitative health information, and use 

numerical information to make effective health decisions (Nelson et al., 2008). 

Galesic and Garcia-Retamero (2011a) found that those with low numeracy skills are 

more likely to take a passive approach to medical decision making, despite the 

benefits in patient outcomes associated with SDM (Ankolekar, Dekker, Fijten, & 

Berlanga, 2018). Due to the nature of uncertainty, using numbers is a central 

component of communicating risk information. Research suggests that there is a 

proportion of the population that are disadvantaged when viewing and using this risk 

information (Choudhry et al., 2019). This is particularly concerning in the domain of 

healthcare, due to the magnitude of the consequences from patients’ decisions. This 

supports the value of developing techniques for presenting medical information to 

facilitate patient understanding, regardless of their numeracy, allowing patients to 

effectively and confidently take part in the decision making process. 

Visual Aids 

One technique used to help patients understand complex health information 

is to use visual aids (Garcia-Retamero & Galesic, 2010), such as bar graphs and icon 

arrays, to convey risk information (Zikmund-Fisher et al., 2014). Icon arrays are the 

most effective method of communicating treatment risk reduction or risk of side 

effects, and have been found to be particularly helpful in reducing denominator 

neglect, as they draw attention to the entire reference group (Okan et al., 2012). An 
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example of an icon array can be seen in Figure 1. The shaded icons represented the 

number of times the event of interest occurred (the numerator), whereas the total 

number of icons represent the number of opportunities there was for the event to 

occur (the denominator) (Zikmund-Fisher et al., 2014).  

 

Figure 1: Example of an icon array. 

Icon arrays have been found to improve understanding in participants with 

low numeracy (Garcia-Retamero & Galesic, 2010), allowing them to make more 

well informed decisions about their health. Although visual aids are beneficial for 

communicating a range of information (Galesic & Garcia-Retamero, 2011b), this 

benefit is moderated by graph literacy: how well an individual can read, interpret 

and use information presented in graphs or visual aids (Garcia-Retamero & Galesic, 

2010; Okan et al., 2012). Graph literacy is a separate skill from numeracy, and 

participants with low numeracy have shown to have significant improvements in 

their decision making when presented icon arrays, if they have the necessary skills to 

read graphs (Galesic, Garcia-Retamero, & Gigerenzer, 2009). However, people with 

low graph literacy are not able to effectively use graphs to improve their 
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understanding. If this is combined with low numeracy, there is a high likelihood that 

patients will struggle to comprehend and effectively use medical information 

provided to them. Therefore, a significant proportion of the population may not be 

benefiting from interventions aiming to (a) reduce vulnerability to common biases 

like denominator neglect, and (b) aid medical decision making.  

Graph literacy is typically divided into three different levels of 

comprehension (Friel, Curcio, & Bright, 2001; Galesic & Garcia-Retamero, 2011b). 

The first level is translation, or the ability to read the data (Friel et al., 2001). For 

successful translation, the reader must take specific pieces of information from the 

graph and translate the visual material into descriptive content. For people who can 

only read at the translation level, looking at the example graph in Figure 2 they 

would be able to see that the graph is describing the impact of the preventative 

treatment on the prevalence of condition A. Interpretation is the second level of 

understanding, requiring categorising the information as more or less important, and 

identifying the relationships within the data (Friel et al., 2001; Shah & Hoeffner, 

2002). Reading the information from the graph shown in Figure 2 at the second level 

of understanding would allow the reader to see that there is a higher prevalence of 

Condition A in those taking the placebo, compared to preventative Treatment A. The 

final level is extrapolation, involving reading beyond the information explicitly 

shown in the graph, used for predicting future events (Friel et al., 2001; Galesic & 

Garcia-Retamero, 2011b). An example of extrapolation would be the ability to 

predict the prevalence of Condition A in 2025 for the placebo and treatment groups. 

This hierarchical understanding of graph literacy is reflected in measures of graph 

literacy (ABS, 2008; Galesic & Garcia-Retamero, 2011b).  
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Gaissmaier et al. (2012) explored the relationship between graph literacy and 

presentation of health information (either numbers only or numbers and icon arrays) 

on participants’ comprehension and recall. Participants with high graph literacy 

demonstrated improvements in comprehension when visual aids were used (cf. 

numbers only). However, participants with low graph literacy showed no benefit in 

comprehension, and in some cases, experienced a decrease. This suggests that not 

only are icon arrays not beneficial for those with low graph literacy, they can be 

potentially detrimental to their performance. Garcia-Retamero and Galesic (2010) 

assessed the utility of visual aids for communicating risk information. They found 

that visual aids are most beneficial when they display the entire population group 

(the denominator), supporting the notion that icon arrays are beneficial because they 

reduce the prevalence of denominator neglect. Visual aids were most beneficial for 

participants with low numeracy, but high graph literacy. Visual aids provided no 

benefit for those with low graph literacy, regardless of their numeracy. Garcia-
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Retamero and Cokely (2017) reviewed 36 publications on the use of visual aids in 

communicating health information and risks and found that visual aids were helpful 

for participants with low levels of numeracy, if these participants had moderate to 

high levels of graph literacy. However, for participants with low graph literacy, there 

was typically no benefit to providing a visual aid, regardless of their numeracy. The 

finding that those with low graph literacy do not benefit, or are impaired by the 

presentation of visual aids has been found consistently in the literature across the last 

decade.  

Okan et al. (2012) explored the impact of visual aids, framing and graph 

literacy on accuracy of understanding health information and confidence. 

Participants calculated how many of 1000 patients with high cholesterol would die 

or survive after a heart attack if they did not take the described drug. Secondly, 

participants calculated how many of 1000 patients with high cholesterol would die or 

survive after a heart attack if they did take the described drug, along with confidence 

in their response accuracy. These answers were used to calculate the relative risk 

reduction. This is a technique that has been used heavily in numeracy research 

(Schwartz, Woloshin, Black, & Welch, 1997). Participants were only marked as 

correct if they got their relative risk reduction exactly right. This technique is used to 

assess participants’ verbatim knowledge. Verbatim knowledge refers to precise 

understanding, whereas gist based understanding describes the general impression of 

the information (Garcia-Retamero & Cokely, 2017). They found a significant 

interaction between graph literacy and visual aids. When icon arrays were used, 

participants with high graph literacy showed a large increase in both accuracy and 

confidence. Participants with low graph literacy showed a small increase in accuracy 

when icon arrays were shown, but there was no change in their confidence. These 
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results suggest that participants with low graph literacy were aware that the icon 

arrays were not beneficial for their performance. However, the task required them to 

provide a concrete answer, without an opportunity to opt out of deciding, so there is 

no way of knowing whether this understanding of their shortcomings would have 

resulted in a change in behaviour.  

Metacognition 

Metacognition is the process of evaluating our cognitive processes and 

knowledge (Flavell, 1979). Two key processes for this to occur effectively are 

monitoring and regulation (Baker, 1989; Schraw & Moshman, 1995). Monitoring 

involves assessing and evaluating one’s knowledge and understanding. Regulation is 

the process of adjusting our behaviours and decisions, based on the results of 

monitoring. The suitability of the behavioural response depends on how effectively 

monitoring has occurred. Both of these processes are important for effective 

functioning in a range of situations (Rhodes, 2019).  

Monitoring can occur at a global level and on a trial by trial (local) basis 

(Schraw, 1994). A global level of monitoring refers to a person’s perception of their 

general ability. For example, a global measure of graph literacy is the Subjective 

Graph Literacy Scale (SGLS) (Garcia-Retamero, Cokely, Ghazal, & Joeris, 2016). 

This measures how participants perceive their ability to read graphs. This subjective 

measure of graph literacy has been found to have a moderate to large correlation 

with objective measures of graph literacy (Garcia-Retamero et al., 2016). 

Alternatively, trial by trial monitoring occurs individually for each decision being 

made. The monitor may decide that they have sufficient knowledge and confidence 

in this knowledge to make a choice, or they may decide to withhold the decision. 

While trial by trial monitoring does depend on a person’s global monitoring of their 
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abilities, there is variation depending on the features of the task at hand (Schraw, 

1994). While the present study will be including the SGLS as a measure of global 

ability, our key focus is the way in which trial by trial monitoring occurs.  

When an individual is provided with complex health information, they first 

need to process this in order to make a decision. Once they have reached a decision, 

they must then evaluate this decision or conclusion and decide whether they are 

confident enough in its accuracy to actually volunteer it. It they are confident in their 

decision, they will volunteer this, but if not, they need to find an alternative, such as 

saying “Don’t know”. While the importance of this process varies depending on the 

consequences of the decision, in medical decision making, if you are able to 

appreciate that you don’t know an answer, it is generally better to state that (rather 

than guess), so that you can possibly obtain more information and make a better 

decision (Durr et al., 2018). Giving participants the opportunity to say “Don’t know” 

can be beneficial for increasing task accuracy (Janssen, Verduyn, & Waters, 2018; 

Torre, Nakayama, Tolbert, & Porfiri, 2019). This further supports the notion that if 

people are able to monitor their understanding and realise that there is a gap in their 

knowledge, they are likely to take steps to alter their behaviour. However, this has 

not been utilised within the graph literacy literature.  

Koriat and Goldsmith (1996) found a very strong correlation between the 

confidence in one’s knowledge and the likelihood of reporting (cf. withholding) a 

response. The higher the confidence with a response, the more likely it will actively 

be reported. Whereas, when confidence is low, responses are more likely to be 

withheld, potentially by saying “Don’t know”. They also found that when the 

incentive for volunteering accurate answers was higher, the likelihood of responding 

decreased. This suggests that when a higher value is placed on response accuracy, 
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participants are more cautious in the evaluation of their responses. The previously 

described research by Okan et al. (2012) suggested that participants with low graph 

literacy were aware that icon arrays were not going to benefit their performance. 

This indicates that participants were actively monitoring their performance. 

However, participants were required to provide a calculation of risk, with no avenues 

available for participants to regulate their behaviour following the monitoring of 

their knowledge, if they felt that an accurate decision could not be reached. The 

present study was prompted by the difference in confidence ratings between 

participants with low and high graph literacy.  

Perceptual Fluency 

A number of psychological theories have been built from the idea that two 

distinct cognitive systems underly reasoning and decision making (Evans, 2003). 

Known as dual processing theories, many of these rely on comparable underlying 

frameworks to explain differences in decision making and cognitive processes. Here, 

we will provide an overview of the frameworks underlying these dual processing 

theories, and suggest how this is influential in medical decision making. Dual 

process theories describe two distinct cognitive processing styles; Type 1 and Type 2 

processing (Stanovich, West, & Toplak, 2011). The goal of the current study is not 

to test competing dual process theory, but rather, to highlight the shared assumptions 

of these accounts and consider the implications of this for medical decision making.  

Type 1 processing is also referred to as heuristic or System 1 processing 

(Stanovich et al., 2011). It is thought to be an automatic processing system, relying 

on past experience, stereotypes, and heuristics. Type 1 processing is a very adaptive 

system, allowing humans to prioritise cognitive resources, and respond quickly to 

situations (Epstein, 2003). However, there are situations where reliance on Type 1 
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processing leaves people prone to error (Kirkpatrick & Epstein, 1992). For example, 

past experience is less beneficial when being presented with a choice between two 

treatments. Type 1 processing might favour Treatment C if the patient or a friend has 

had previous success with that treatment. However, this does not account for 

consideration of advances in treatments or differences between individuals. 

Type 2 processing is also referred to as analytical or System 2 processing 

(Stanovich et al., 2011). It is slower, and requires more cognitive resources than 

Type 1 processing, as it allows for hypothetical and abstract reasoning (Evans, 2003; 

Stanovich et al., 2011). Type 2 processing can override the initial response that stems 

from Type 1 processing (Evans & Stanovich, 2013). In the prior example, using 

Type 2 processing to evaluate two different treatment options would interrupt the 

tendency to rely on previous experience and allow for the consideration of factors 

relating to the specific treatments presented, and their appropriateness for the 

individual in question. 

A key question that has been unanswered by dual processing theory is when 

people recognise that their Type 1 processing could be misleading them. The field of 

perceptual fluency has suggested a compelling explanation for what cues Type 2 

processing. Confidence in intuitive judgement and decision making accuracy 

depends on how easily the information comes to mind, and the perceived difficulty 

of the task (Gill, Swann, & Silvera, 1998). If information is processed fluently 

(easily), Type 1 processing will guide decision making (Alter et al., 2007). However, 

if the information is processed disfluently (with difficulty), this will serve as a cue 

that the task is difficult or that the intuitive response (stemming from Type 1 

processing) is potentially wrong, encouraging the implementation of Type 2 

processing (Alter et al., 2007). Building from the elaboration likelihood model, there 
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are two proposed avenues for impacting the perception of task difficulty (Cacioppo 

& Petty, 1984). These two avenues are central and peripheral cues. Central cues are 

integral to the task at hand, whereas peripheral cues are contextual features that are 

unrelated to the task (Cacioppo & Petty, 1984).  

This area of perceptual fluency has applications to the field medical decision 

making and graph literacy. When medical information is presented with an icon 

array (cf. numbers only) individuals with high graph literacy show an increase, 

whereas those with low icon array show no increase in confidence. This suggests that 

people with low graph literacy find graphs disfluent, and they may be prompted to 

employ Type 2 processing. Building on the metacognitive processes of monitoring 

and regulation, Type 2, or analytical, processing may assist the self-monitoring 

process, prompting individuals with low graph literacy to regulate their behaviour. In 

this case, regulating behaviour would be selecting the “Don’t know” response. 

Ideally, if people with low graph literacy find information presented with icon arrays 

to be disfluent, this will cue them to employ Type 2 processing and make the deficits 

of their comprehension more salient.  

Cognitive Load 

Cognitive load is built off the assumption that humans have finite cognitive 

resources, such as working memory (Barrouillet, Bernardin, Portrat, Vergauwe, & 

Camos, 2007). Imposing additional cognitive load depletes these finite resources. 

When resources are decreased, the quality of decision making can decrease (Sweller, 

1988). Situations where patients are required to make medical decisions often require 

a high degree of cognitive resources, due to the complexity of the information and 

the inherent risk associated with decision outcomes (Roth & Robbins, 2004).  
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Dual-task paradigms, requiring participants to complete two competing tasks 

simultaneously, are a technique used to manipulate the cognitive load upon 

participants (Karatekin, Couperus, & Marcus, 2004; Lebed & Korovkin, 2017). A 

number of memory tasks can be used to illicit cognitive load effects, including; the 

N-back task, digit span and letter strings (Gathmann, Schiebener, Wolf, & Brand, 

2015; Karatekin et al., 2004; Macnamara, Ferri, & Hajcak, 2011). Letter strings were 

the most appropriate memory task for this study. Digit span was ruled against to 

avoid any interference with the numerical risk information in the scenarios. We used 

a combination of a letter string memory task and a problem solving task (the medical 

decision). Increasing cognitive load with a dual task paradigm is a form of increasing 

the peripheral difficulty of a task, thus increasing the task disfluency. As previously 

mentioned, increasing task disfluency is thought to encourage the use of Type 2 

processing systems (Alter et al., 2007).  

The Present Study 

In the present study, participants were presented a series of trials, each 

including information relating to two treatment options, and were required to choose 

which of the two treatments would be objectively better for a hypothetical patient. 

Previous work has focused on comparing risks associated with treated vs. non-

treated conditions (Garcia-Retamero & Galesic, 2010; Garcia-Retamero, Galesic, & 

Gigerenzer, 2010). We moved away from this to avoid participants adopting the 

heuristic that any treatment offered by a doctor is likely to be preferable to (more 

effective than) no treatment, and instead make a decision about which of two 

treatment options was preferable.  

Increases in both severity and likelihood of risks has been linked to increases 

in worry and motivation to change behaviour (Cameron, 2008). In reality, medical 
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decisions can be much more complex than simply weighing the risk of a single side 

effect (Peters, Hibbard, et al., 2007). Patients and doctors are required to consider 

both the likelihood and severity (or benefit) of treatment effectiveness or side effects. 

The present study focussed on the likelihood of an outcome occurring, while holding 

the severity of this risk constant. This maintains consistency with previous research 

(Galesic et al., 2009; Okan et al., 2012). This allows for an objective evaluation of 

risk, with a clear distinction for which treatment is preferred. In reality, patients also 

value a number of subjective factors. However, this is difficult to measure in 

quantitative research. Understanding the specific mechanisms underlying decision-

making error can allow us to develop interventions to improve patient decision 

making.  

From current review, Okan, Galesic, and Garcia-Retamero (2016) has been 

the only study to give participants the opportunity to say “I can’t say” when 

presenting medical information using graphs. However, no results relating the use of 

this “I can’t say” option were included in the publication. The inclusion of an “Don’t 

know” option has been shown to increase accuracy across a number of other 

domains (Janssen et al., 2018; Torre et al., 2019) such as eyewitness identification 

(Weber & Perfect, 2012).  

The current study manipulated the presence of icon arrays in hypothetical 

treatment scenarios, where participants will be required to select Treatment A, 

Treatment B or Don’t know. While previous research has focused on verbatim 

knowledge (Garcia-Retamero & Galesic, 2010; Okan et al., 2012), the present study 

will be focusing on gist based understanding, as participants are not required to make 

an exact estimate of risk to be correct. Prior to viewing the treatment scenario, 

participants viewed a letter string, as a cognitive load manipulation. The letter strings 
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were either two (low load condition) or six (high load condition) letters long. 

Participants were required to remember this letter string while they answered the 

treatment scenario. If participants respond “Don’t know” to any of the treatment 

scenarios, they were shown the same question again in a following question block, 

and asked to respond without the option to say “Don’t know”. This provided an 

indication of how well participants used the “Don’t know” option. An effective use 

of this option would be for participants to use it when they would have otherwise 

gotten the answer wrong, but select the right treatment option if they are able to 

accurately evaluate the treatment information. Participants then completed measures 

of graph literacy and numeracy. Icon arrays have been found to be most beneficial 

for those with high graph literacy, but low numeracy skills (Galesic et al., 2009). If 

participants have high numeracy skills, it is likely that they are able to determine the 

correct answer, regardless of whether this information is accompanied with a graph 

(Okan et al., 2012). Including a measure of numeracy will be used to ensure that our 

sample contains participants with a range of numeracy skills.  

The predictor variables are graph literacy, graph presentation and cognitive 

load. The outcome variables are comprehension, calibration and “Don’t know” 

usage. Comprehension is used to refer to whether participants responded correctly to 

each treatment scenario, regardless of whether this was in the initial round of 

responding or in the forced choice round. Calibration refers to how well a decision 

reflects participants’ understanding; a well calibrated decision would be selecting a 

treatment when they actually understand the information correctly, or selecting 

“Don’t know” when they do not understand the information. The term calibration is 

typically used to refer to the degree of correspondence between subjective and 

objective likelihood of a decision being accurate. However, we are using the term to 
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reflect participants evaluation of their own understanding and how well this 

corresponds to the response they give.  

Aims 

The core aim of this study was to further explore the interaction between 

graph literacy and visual aids, and the impact of this on whether participants utilise 

an explicit “Don’t know” option when they lack the necessary understanding to 

make an accurate decision. Based on prior work, we expect that participants with 

high graph literacy will show a significant benefit in comprehension in the icon array 

condition, to a much larger extent than participants with low graph literacy. Building 

on the principles of perceptual fluency, we expect participants with low graph 

literacy to have a higher rate of “Don’t know” responding, as graphs will be more 

disfluent, encouraging Type 2 processing. Ideally, visual aids will help those with 

low graph literacy appreciate that they lack the necessary understanding to make an 

informed choice, and increase the likelihood they utilise an “Don’t know” response 

option. We also anticipate that icon arrays will lead to an increase in calibration, 

regardless of graph literacy level. Participants with high graph literacy will be able to 

use the graph to their advantage when answering the medical scenarios. Whereas 

participants with low graph literacy should be cued to monitor their understanding 

and implement Type 2 processing, potentially encouraging them utilise the “Don’t 

know” response adaptively. The inclusion of the cognitive load manipulation is 

exploratory, so we did not have definitive expectations for how this will impact 

decision making. High cognitive load may serve as a disfluency cue, prompting 

participants to implement Type 2 processing systems. Alternatively, it may distract 

from the medical decision making task, drawing resources from that would have 

otherwise been utilised when considering the treatment information.  
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Method 

Design 

The study is a between subjects factorial design, 2 (visual aid, no visual aid) 

x 2 (high cognitive load, low cognitive load). We collected a number of individual 

differences measures, which will be outlined below. 

Participants 

We recruited 240 participants (126 female) through Prolific Academic, a 

widely used crowdsourcing platform. Participants had an average age of 27 years 

(18-65 year range). The majority of participants had completed year 12 or less 

(61%). The remaining participants had completed some level of tertiary education 

(Bachelor’s degree or higher). Two participants were removed from the analysis due 

to a lack of compliance with the task. 

Materials 

Graph Literacy Scale Our key variable of interest here is participant’s graph 

literacy; how well they are able to read and interpret information depicted in graphs. 

To measure this, we used the Graph Literacy Scale (GLS), developed by Galesic and 

Garcia-Retamero (2011b). It contains 13 items, covering topics such as medical risk, 

treatment efficacy and disease prevalence. All three theoretical levels of graph 

comprehension previously discussed are measured by the GLS. The GLS takes an 

average completion time of 10 minutes and has a Cronbach’s alpha of .85 (Galesic & 

Garcia-Retamero, 2011b), suggesting good internal consistency. Previous research 

using the GLS have analysed the results using a median split of scores to produce 

groups of participants with “higher” and “lower” graph literacy (Galesic & Garcia-

Retamero, 2011b).  
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Subjective Graph Literacy Scale The SGLS, developed by Garcia-

Retamero et al. (2016), was also given to participants. The SGLS is a measure of 

self-reported ability to process and use information presented in graphs. The SGLS 

contains five items and takes an average of 1 minute to complete. The development 

of the SGLS was driven by the need for a measure of graph literacy in applied 

settings and has been proposed as an alternative for the GLS. We have included it in 

the present study, as we are concerned about its utility, as people are not always 

good at gauging their own knowledge (Nelson & Narens, 1990), and the SGLS has 

only been found to have a moderate correlation with the GLS (Garcia-Retamero et 

al., 2016). The importance and utility of understanding affective risk beliefs and 

perceptions has been emphasised in recent risk literature (Janssen et al., 2018), 

which supports including the SGLS in the present study. The SGLS was presented 

first, so the results would reflect general beliefs about performance, rather than being 

influenced by perceived performance on the GLS.  

Numeracy scale The Schwartz et al. (1997) numeracy scale is one of the 

most widely used measures of risk numeracy (Nelson et al., 2008). This scale 

contains 3 questions assessing understanding of probabilities and percentages. 

However, it is prone to ceiling effects. To alleviate this issue, this study will include 

the Berlin Numeracy Test (BNT), developed by Cokely, Galesic, Schulz, Ghazal, 

and Garcia-Retamero (2012). The BNT is a scale measuring comprehension of 

everyday risks and statistical numeracy, that is more successful at distinguishing 

differences in educated populations, as these populations find the Schwartz et al. 

(1997) easy to answer accurately. The BNT is a more challenging scale, with the 

average score on the BNT being 1.6 (SD=1.21) out of 4 (Friederichs, Schölling, 

Marschall, & Weissenstein, 2014; Garcia-Retamero et al., 2012; Ghazal, Cokely, & 
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Garcia-Retamero, 2014). We used the traditional format of the BNT. To allow for a 

balanced evaluation of numeracy ability, the present study combined the BNT and 

the Schwartz et al. (1997) numeracy scale, as suggested by Cokely et al. (2012). This 

combination of numeracy scales has been found to completely eliminate the skew 

previously noted in both scales independently (Cokely et al., 2012). These combined 

scales will be referred to as the numeracy scale.  

Stimuli Pilot testing The aim of the pilot testing was to develop two sets of 

stimuli. The first stimuli is the medical treatment scenario. While scenario difficulty 

was not included as a variable in this study, we wanted to ensure that the scenarios 

covered a range of difficulties, to avoid both floor and ceiling effects across people 

with a range of numeracy skills. If ceiling effects were present in the final study, it 

would be impossible to know whether participants benefitted from the presentation 

of icon arrays, and they would be unlikely to utilise an “Don’t know” option. The 

second stimuli is the cognitive load manipulation.  

The first pilot was conducted in the Tasmanian Cognition Laboratory, with 

undergraduate students and community members (N=10). I wrote all treatment 

scenarios, which described a named character who had been diagnosed with a real 

illness or condition. The scenario described two possible treatments that this 

character could take, presenting fictional clinical data for both ‘Treatment A’ and 

‘Treatment B’. Participants were instructed to indicate which treatment the character 

should choose. No explicit “Don’t know” option was provided. A total of 32 

scenarios were included in this pilot and can be found in Appendix A, with norming 

data. The results indicated ceiling effects across a large proportion of the scenarios, 

as the accuracy was 96% for easy tasks and 88% for difficult tasks. 
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The second pilot was conducted with undergraduate students and community 

members (N=17). This pilot was similar to the first, but we attempted to increase the 

difficulty of the scenarios by including more scenarios with differing denominators, 

and reducing the differences between treatment risk magnitudes. For example, 

changing ‘Treatment A = 40% risk of death’ and ‘Treatment B = 60% risk of death’ 

to ‘Treatment A = 40% risk of death’ and ‘Treatment B = 45% risk of death’. A total 

of 32 scenarios were included and can be found in Appendix B, along with the 

norming data. The accuracy for the difficult scenarios ranged from 71% to 100%. 

However, some of the scenarios were still easier than we intended them to be. We 

hoped to increase the difficulty of the tasks further.  

The third pilot recruited from the same sample groups as the previous pilots 

(N=13). Following the first two pilots, we had not reached the a satisfactory 

variability in task accuracy, and the techniques implemented to make the task more 

difficult did not have as big of an effect as expected. The results of the second pilot 

suggested that participants made more mistakes when the treatment with the smaller 

denominator was the correct response. To test the notion that smaller denominators 

might make the task more difficult, pilot three used the same scenarios as the second 

pilot, however, the risk magnitudes were reversed. These stimuli and norming data 

can be found in Appendix C. The results of this pilot were supportive of this 

hypothesis. When the correct denominator in the scenario was the smaller of the two, 

participants made more mistakes. Scenarios with the large denominator being correct 

had an average accuracy of 88%, whereas, scenarios with the small denominator 

being correct had an average accuracy of 80%. The accuracy for the difficult 

scenarios ranged from 54% to 100%. By this point, we were happy with the spread 

of task difficulty. The final scenarios were chosen from a range of those tested in the 
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pilots, varying in how difficult participants found them. This gave us confidence that 

we would not encounter floor or ceiling effects when conducting the full study. The 

full list of scenarios used in the final study can be found in Table D9. 

The fourth pilot study was conducted to test the cognitive load manipulation 

(N=22). Macnamara et al. (2011) successfully manipulated cognitive load using a 

two letter string for the low load condition, and a six letter string for the high load 

condition. This combination was employed in the fourth pilot study. Macnamara et 

al. (2011) displayed the letter strings for 5000ms (5 seconds), however, our task is 

more time consuming than their original task. Instead, we chose to display the letter 

strings for 10 seconds, which has been used for a letter string manipulation by Van 

'T Veer, Stel, and Van Beest (2013). If the manipulation was effective, we expected 

to see a reduction in accuracy for the filler task when in the high (cf. low) cognitive 

load condition. A total of 24 letter strings were developed, excluding vowels and 

letter repeats, and can be found in Appendix E, with norming data. This pilot was 

constructed using Limesurvey and was completed online by undergraduate students 

for course credit. Participants were shown the letter string, before being shown three 

maths questions. We chose to include maths problems to mimic the medical scenario 

task, as participants would be required to work with numerical information. The 

maths tasks varied in difficulty, from simple addition to more complex calculations. 

We anticipated that the maths tasks would be faster to complete than the treatment 

scenario, so we included three questions in each trial. After completing the maths 

questions participants were asked to recall the letter string they were shown. High 

(cf. low) cognitive load reduced correct responses to the maths problems. 

Participants in the high cognitive load condition cog an average of 66% of maths 

problems correct, compared to low cognitive load, who got 71% of maths problems 
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correct. This suggested that the cognitive load manipulation was performing as 

predicted.  

The fifth pilot was constructed on Limesurvey and launched on Prolific 

Academic (N=20). This pilot used the same letter string manipulation as the fourth 

pilot, however, the maths tasks were replaced with scenarios from the previous 

pilots. A number of additional letter strings were developed to ensure that there were 

enough to conduct the final study. Because we included an additional forced choice 

round of responding, we needed additional letter strings for the second round of each 

scenario to ensure that memory effects did not influence the impact of the increased 

cognitive load. This pilot contained 36 trials, stimuli and norming data are located in 

Appendix F. The aim of this pilot was to ensure that these two components 

performed together as expected. We conducted a paired samples t-test to ensure that 

the cognitive load task was impacting participants performance. Regarding task 

difficulty, there was a small, non-significant difference between the high and low 

cognitive load (77% and 80%, respectively), t(19) = 0.97, p =.343, d = 0.22. 

However, there was a large, significant difference in reaction times between the high 

and low cognitive load levels (23 and 16 seconds, respectively), t(19) = -4.11, p 

<.001, d = 0.92. This suggested that the cognitive load was impacting task 

performance, requiring additional effort to complete. The final set of letter strings 

was chosen at random from those piloted, as there was no clear performance 

differences across stimuli. The full set of letter strings used in the final study can be 

found in Table D10.  

Procedure  

All participants completed the study online through Prolific Academic. 

Participants were informed of the nature of the study, and we’re asked to provide 
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consent for their participation (see Appendix G for the full information sheet). 

Participants provided demographic information including; sex, age, and education 

level. They were then randomly allocated to one of the four experimental conditions 

created by crossing the use of icon arrays (icons or no icons) with the cognitive load 

manipulation (two vs. six letters). Participants completed eight trials, each consisting 

of; cognitive load presentation, medical scenario, cognitive load recall. The order of 

trials was randomised between participants. Each letter string was presented for 10 

seconds, and participants were instructed to remember it while they consider the 

decision making task, as they would be later tested on it. Participants were then 

presented with the medical decision making scenario developed during the pilot 

studies. Participants were required to choose which treatment was objectively better, 

or select “Don’t know”. These scenarios were either presented with only numerical 

information, or with icon arrays, depending on the condition participants had been 

randomly allocated to. An example of a scenario can be seen in Figure 3. After 

making their decision, participants were asked to recall the letter string they were 

shown prior to viewing the scenario. Following the completion of all eight trials, 

participants were presented with the scenarios that they previously responded “I 

don’t know” to, and were required to complete the trial again, without the 

opportunity to say “I don’t know”. The order of trials was randomised between 

participants. This indicated which they would have chosen having not been given the 

“I don’t know” option, allowing us to assess the accuracy of their control decisions. 

Participants then completed the graph literacy and numeracy scales. The only time 

constraints was the 10 second viewing time for the letter strings. The full study took 

an average of 22 minutes to complete.  
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Figure 3 Example of a treatment decision scenario (with an icon array). 
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Results 

Analysis Strategy 

Data analysis was conducted using the open source statistical program, R (R 

Core Team, 2013). We were interested in analysing performance on a trial by trail 

basis, rather than aggregating participants’ performance, which is the technique 

employed by a traditional ANOVA (Baayen, Davidson, & Bates, 2008; Weber & 

Varga, 2012). To allow us to look at performance on a trial by trial basis we 

employed generalised linear mixed effects models, created using the lme4 package 

(Bates, Maechler, Bolker, & Walker, 2013), and car package (Fox & Weisberg, 

2019). The car package calculates type-II ANOVAs for generalised linear mixed 

effects models (producing a Wald 2 statistic rather than an F statistic, see Table 2), 

allowing outputs to be interpreted as per main effects and interactions from standard 

ANOVAs. We used the sjstats package to calculate Cohens f statistics as our 

measure of effect size (Lüdecke, 2019) The cut offs used for Cohens f were 0.1, 0.25 

and 0.4, for small, medium and large effects, respectively (Cohen, 1988).  

We created three multilevel models to allow for analysis of our three 

outcome variables: comprehension, “I don’t know” usage, and calibration. All 

models included participant and treatment scenario as random factors. Graph literacy 

and numeracy were analysed using a median split1. Participants who scored 11 

(median) or higher on the GLS were classified as having ‘high’ graph literacy. 

Participants who scored 4 (median) or higher on the numeracy scale were classified 

as having ‘high’ numeracy. The first round of analysis was conducted including 

graph condition (icon vs no icons), cognitive load, graph literacy and the subsequent 

 
1 We ran also both graph literacy and numeracy as continuous variables, in addition to the median 

splits, but there was no change to the results. We will be reporting the results of the median split to 

aid ease of interpretation. 
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interactions in the models. Follow up analyses which included numeracy in each of 

the models were also conducted. Descriptive statistics for all models can be found in 

Table 1. 

Table 1 

Descriptive Statistics for Generalised Linear Mixed Effects Models  

  Comprehension “I don’t know” usage Calibration 

  M SD M SD M SD 

Graph literacy  Low 0.75 0.17 0.25 0.53 0.74 0.17 

 High 0.80 0.17 0.18 0.53 0.79 0.17 

Numeracy Low 0.73 0.17 0.28 0.53 0.72 0.17 

 High 0.82 0.17 0.14 0.53 0.82 0.17 

Cognitive load Low 0.77 0.17 0.26 0.53 0.76 0.17 

 High 0. 79 0.17 0.16 0.53 0.78 0.17 

Graph condition Numbers 0.78 0.17 0.22 0.53 0.77 0.17 

 Icons 0. 77 0.17 0.20 0.53 0.76 0.17 

Note. Comprehension and calibration should be interpreted as a proportion of correct 

responses.  

Initial Analysis 

In line with our hypothesis that including icons would increase 

comprehension in participants with high graph literacy (cf. low graph literacy), we 

anticipated there to be a significant interaction between graph literacy and graph 

condition. Contrary to our hypothesis, there were no significant interactions between 

these predictor variables. There was, however, a significant but trivial main effect of 

graph literacy (see Table 2): participants with high graph literacy showed higher 

comprehension (M = 80%, SD = 17%) compared to participants with low graph 

literacy (M = 75%, SD = 17%).  
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Table 2 

Inferential Statistics for Generalised Linear Mixed Effects Model Predicting 

Comprehension  

 

Regarding the use of the “I don’t know” option, we anticipated that 

participants with low graph literacy (cf. high graph literacy) would show a higher use 

of the “I don’t know” option in the icon array condition (cf. numbers only). To 

reflect this, we predicted that there would be a significant interaction between graph 

literacy and graph condition. The results of the model found no significant effects on 

use of the “I don’t know” option (see Table 3). These results negated our hypothesis, 

indicating there was no evidence for differences in willingness to use the “I don’t 

know” option. 

 

 

 

 

 

Predictor  2 p f 

Graph condition 0.13 .719 0.01 

Cognitive load 0.61 .436 0.02 

Graph literacy 6.41 .011 0.06 

Graph condition * cognitive load 0.07 .784 0.01 

Graph condition * graph literacy 1.28 .258 0.03 

Cognitive load * graph literacy 0.81 .367 0.02 

Graph condition * cognitive load * graph literacy 0.50 .480 0.02 
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Table 3 

Inferential Statistics for Generalised Linear Mixed Effects Model Predicting “I don’t 

know” Usage 

 

The model predicting calibration proved to be very similar to the 

comprehension model. Consistent with our hypothesis that icon arrays would lead to 

an increase in calibration across participants, regardless of graph literacy, we 

predicted a significant main effect of graph condition on calibration. Contrary to our 

hypothesis, graph condition did not have a significant effect on calibration. However, 

graph literacy had a trivial, significant effect on participants’ calibration (see Table 

4). Participants with high graph literacy showed higher calibration (M = 79%, SD = 

17%) compared to participants with low graph literacy (M = 74%, SD = 17%). This 

indicates that participants with high graph literacy were making more decisions that 

accurately reflect their understanding.  

 

 

 

 

 

Predictor 2 p f 

Graph condition 0.06 .800 0.01 

Cognitive load 0.16 .692 0.01 

Graph literacy 0.12 .726 0.01 

Graph condition * cognitive load 0.00 .976 0.00 

Graph condition * graph literacy 0.02 .878 0.00 

Cognitive load * graph literacy 0.34 .562 0.01 

Graph condition * cognitive load * graph literacy 0.10 .754 0.01 



33 

 

33 

 

Table 4  

Inferential Statistics for Generalised Linear Mixed Effects Model Predicting 

Calibration 

 

The significant main effect of graph literacy on both calibration and 

comprehension, without a significant interaction with graph condition, was 

surprising. Moreover, the trivial effect sizes suggested that there may be a 

confounding factor influencing participants’ performance. As we measured both 

graph literacy and numeracy, we were unsure as to whether our sample would have 

adequate variability on both dimensions (in a 2x2 fashion). Due to budgeting 

constraints we chose our sample size with the intention of having graph literacy as 

our key between subjects variable. There were no hypotheses surrounding the impact 

of numeracy on any of our outcome variables, because (provided a reasonable spread 

of numeracy scores), we anticipated graph literacy skills would account for a greater 

variance in the results. However, once we realised that graph literacy and graph 

condition were not interacting in the way we anticipated (especially with 

comprehension, which has previously been a robust finding in the literature), we 

decided to check whether the sample we recruited would be sensible for re-running 

these analyses on with numeracy as an additional factor. Table 5 shows the spread of 

Predictor  2 p f 

Graph condition 0.07 .791 0.01 

Cognitive load 1.31 .253 0.03 

Graph literacy 6.07 .014 0.06 

Graph condition * cognitive load 0.21 .643 0.01 

Graph condition * graph literacy 0.72 .394 0.02 

Cognitive load * graph literacy 0.76 .383 0.02 

Graph condition * cognitive load * graph literacy 1.68 .195 0.03 
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participants between high and low graph literacy and numeracy, we deemed this 

appropriate for exploring the extent to which numeracy may have explained our 

results. We ran the same multilevel models again, this time including the predictor 

variable numeracy. 

 

Table 5 

Distribution of Participants Across Graph Literacy and Numeracy, Split by Graph 

Condition 

  Numbers condition Icons condition 

  Numeracy 

  Low High Low High 

Graph literacy Low 36 17 31 20 

 High 27 39 23 45 

 

Follow Up Analysis 

The mixed effects model including numeracy on the outcome variable 

comprehension indicated that numeracy had a small, significant effect on 

participants’ comprehension (see Table 6). Participants with high numeracy skills 

showed higher comprehension (M=82%, SD=16%) compared to participants with 

low numeracy skills (M=73%, SD=16%). Including numeracy in the model nullified 

the effects of graph literacy, and all other main effects remained non-significant.  
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Table 6 

Inferential Statistics for Generalised Linear Mixed Effects Model Including 

Numeracy Predicting Comprehension 

 

We constructed a model attempting to predict how participants used the “I don’t 

know” option. No predictor variables had a significant effects on usage of the “I 

don’t know” option, including numeracy (see Table 7). 

  

 

 

 

 

Predictor  2 p f 

Graph condition 0.39 .529 0.01 

Cognitive load 0.02 .878 0.02 

Graph literacy 2.22 .136 0.07 

Numeracy 16.85 <.001 0.10 

Graph condition * cognitive load 0.07 .789 0.00 

Graph condition * graph literacy 0.72 .396 0.03 

Graph condition * numeracy 0.15 .696 0.00 

Cognitive load * graph literacy 0.85 .356 0.02 

Cognitive load * numeracy  1.26 .261 0.03 

Graph literacy * numeracy 0.00 .964 0.00 

Graph condition * cognitive load * graph literacy 0.96 .327 0.032 

Graph condition * cognitive load * numeracy 0.03 .858 0.00 

Graph condition * graph literacy * numeracy 0.17 .681 0.01 

Cognitive load * graph literacy * numeracy 0.45 .502 0.02 

Graph condition * cognitive load * graph literacy * 

numeracy 

2.86 .091 0.04 
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Table 7  

Inferential Statistics for Generalised Linear Mixed Effects Model Including 

Numeracy Predicting “I don’t know” Usage 

 

The model predicting calibration showed similar results to the 

comprehension model. Numeracy had a small, significant effect on participants’ 

calibration (see Table 8). Participants with high numeracy skills showed higher 

comprehension (M=82%, SD=16%) compared to participants with low numeracy 

skills (M=72%, SD=16%).  

 

 

 

Predictor  2 p f 

Graph condition 0.03 .863 0.00 

Cognitive load 0.08 .778 0.00 

Graph literacy 0.01 .931 0.00 

Numeracy 0.52 .473 0.02 

Graph condition * cognitive load 0.00 .992 0.00 

Graph condition * graph literacy 0.02 .896 0.00 

Graph condition * numeracy 0.03 .879 0.00 

Cognitive load * graph literacy 0.27 .602 0.01 

Cognitive load * numeracy  0.00 .957 0.00 

Graph literacy * numeracy 0.04 .847 0.00 

Graph condition * cognitive load * graph literacy 0.05 .830 0.00 

Graph condition * cognitive load * numeracy 0.01 .932 0.00 

Graph condition * graph literacy * numeracy 0.00 .999 0.00 

Cognitive load * graph literacy * numeracy 0.07 .785 0.00 

Graph condition * cognitive load * graph literacy * numeracy 0.00 .970 0.00 
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Table 8 

Inferential Statistics for Generalised Linear Mixed Effects Model Including 

Numeracy Predicting Calibration 

 

Discussion 

We investigated whether icon arrays help to make deficits in participants’ 

comprehension of health risk information salient, especially for participants with low 

graph literacy. Contrary to our hypotheses, both graph literacy and graph condition 

had non-significant effects on participants’ comprehension and calibration. This 

finding contrasts previous work showing benefits of icon arrays for participants with 

high graph literacy (Gaissmaier et al., 2012; Okan et al., 2012). Instead, only 

numeracy affected participants’ comprehension and calibration. Participants with 

Predictor  2 p f 

Graph condition 0.43 .514 0.01 

Cognitive load 0.19 .662 0.03 

Graph literacy 1.90 .168 0.06 

Numeracy 20.06 <.001 0.11 

Graph condition * cognitive load 0.15 .695 0.01 

Graph condition * graph literacy 0.43 .514 0.02 

Graph condition * numeracy 0.00 .992 0.02 

Cognitive load * graph literacy 0.71 .401 0.02 

Cognitive load * numeracy  1.18 .278 0.03 

Graph literacy * numeracy 0.01 .919 0.00 

Graph condition * cognitive load * graph literacy 2.84 .092 0.04 

Graph condition * cognitive load * numeracy 0.01 .917 0.00 

Graph condition * graph literacy * numeracy 0.02 .888 0.00 

Cognitive load * graph literacy * numeracy 0.03 .861 0.00 

Graph condition * cognitive load * graph literacy * 

numeracy 

2.11 .146 0.04 
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high (cf. low) numeracy showed better comprehension, and their decisions more 

accurately reflected their understanding. Whilst it was not surprising that numeracy 

impacted performance, our primary concern was its potential interaction with graph 

literacy and graph condition, which despite being supported in previous literature 

(Galesic et al., 2009; Okan et al., 2012), did not emerge in our data. 

One explanation for our findings is that there might have been an uneven 

spread of high and low numeracy. If all participants had high numeracy, it is unlikely 

that differences in the benefits of icon arrays would emerge, as these participants are 

able to understand the information correctly without an icon array. However, we 

examined variance in participants’ numeracy scores before conducting follow up 

analyses, and we had appropriate variation in across all levels. Another possibility is 

that the maths was too hard for icons to be helpful. One of the differences between 

our task and previous literature is the use of a categorical task, rather than a 

calculation of risk. We anticipated that our task would potentially be easier than the 

relative risk calculation, only requiring participants to evaluate their gist 

understanding, rather than being required to make multiple precise (verbatim) 

calculations. However, this may not have been the case, and verbatim knowledge 

may be required regardless. Alternatively, the categorical (gist) decision might have 

been so easy for participants that they would not receive further benefit from icon 

arrays. We sought to address this in the first three pilot studies, and the average 

accuracy for participants was 78%. This suggests that the task was not too easy, nor 

too hard. Nonetheless, future research could explore whether the utility of including 

an “I don’t know” option differs when participants are required to calculate risk 

magnitudes (verbatim calculations). This may provide a bridge between previous 
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research and the present study to explain the different impacts of numeracy and 

graph literacy.  

Contrary to our hypothesis, none of our predictor variables significantly 

affected the use of the “Don’t know” option. Our key expectation was that 

participants with low graph literacy would use the “don’t know” option more 

frequently than participants with high graph literacy. Due to low graph literacy 

participants previously showing no increases in confidence when using icon arrays 

(Okan et al., 2012), we anticipated that this would lead to decisions that reflect this 

uncertainty. Of all the decisions made during the full study, only 2.7% were “Don’t 

know”. This equates to the average participant selecting a treatment option 7.79 

times of 8 . The low rate of using the “Don’t know” option in our sample may have 

undermined our ability to adequately test the value of our predictor variables. 

Consequently, it could still be that in some situations, participants with low graph 

literacy may be less likely to respond, but the low rate of utilising these responses 

may have meant we were unable to observe this here. 

The frequency of use of the “Don’t know” option here is comparable to how 

participants responded “Don’t know” when there was no explicit option when 

completing eyewitness line up selection tasks (Weber & Perfect, 2012). This may 

indicate that participants were reluctant to use this option, or they did not feel the 

need to, believing that they answered correctly. However, across all participants, the 

average accuracy was 78%, suggesting that the “Don’t know” option could have 

been used more effectively to reduce mistakes.  

Whilst an “Don’t know” option can increase accuracy in risk evaluation 

(Janssen et al., 2018), it does depend on participants’ willingness to use it. There are 

a number of explanations for why participants may have been reluctant to use the 
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“Don’t know” option. Despite including real conditions in the scenarios, they may 

have still been too abstract to motivate participants to use the “Don’t know” option, 

as the consequences for making an error were much less severe compared to an 

applied setting. Future research could explore the use of “Don’t know” options in 

more applied treatment settings. Alternatively, these response patterns may be the 

result of social desirability, which describes the phenomenon of people altering their 

responses in order to comply with social norms and expectations (Ganster, 

Hennessey, & Luthans, 1983). This may have made participants reluctant to use the 

“Don’t know” option, because they might have thought it was insufficiently 

informative (i.e., that a selection response was required). Future research could 

pursue including specific instructions informing participants that it is better to say 

“Don’t know” than select the wrong treatment. This may encourage participants to 

more actively engage with the “Don’t know” option, and reduce the potential impact 

of social desirability. 

Participants with high numeracy had significantly better calibration than 

participants with low numeracy, indicating that they were better able to alter their 

responses according to their understanding of the information. This measure aimed 

to assess participants’ behavioural regulation, that follows monitoring of 

understanding. While participants with high numeracy were better at choosing an 

appropriate response, there is still considerable room for improvement. These results 

indicate that at least one of these processes was not being performed effectively.  

Another indication that participants were not effectively monitoring their 

knowledge and abilities is the small correlation between the GLS and the SGLS, as a 

measure of global task monitoring. This is somewhat surprising considering they 

have previously been reported to be moderately correlated (Garcia-Retamero et al., 
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2016).  This was not problematic for the present study, as we were only interested in 

the trial by trial monitoring. However, this raises concerns for the utility of the 

SGLS, if people are not able to accurately assess their global ability of working with 

graphs. Further validation research should be conducted on the SGLS before relying 

on it in applied settings.  

The usage of median splits in our analyses may be considered a possible 

account for why the anticipated effects with graph literacy and graph condition did 

not occur, as median splits can result in a loss of statistical power (Iacobucci, 

Posavac, Kardes, Schneider, & Popovich, 2015). However, we conducted our 

analysis with graph literacy and numeracy as continuous variables and saw no 

change in results. Our median was higher than some others in the literature, as 

participants who score 11 or above were classified as having high graph literacy. 

Many studies have classified 10 or above as high graph literacy (Okan et al., 2012; 

Okan, Garcia-Retamero, Cokely, & Maldonado, 2018), with one as low as 7 being 

the cut off (Housten et al., 2018). It is therefore possible that not enough of our low 

graph literacy participants were actually low enough to be disadvantaged by icons to 

the extent that populations in other studies have been.  It is unclear whether a sample 

with lower graph literacy scores would have impacted the results, as people with 

high graph literacy tend to show larger benefits with icon arrays, and we found no 

significant interaction with the presentation of icon arrays.  

The generalisability of these results is limited by the use of non-patients and 

hypothetical scenarios, however, our participants are potential patients. The present 

study provides a useful contribution for the early investigation of communicating 

medical risks. Based on our findings, numeracy appears to be a key predictor for 

making effective decisions about risk, which is consistent with previous literature 



42 

 

42 

 

(Galesic et al., 2009). However, icon arrays did not attenuate this effect, even in 

those with high graph literacy. Therefore, for icon arrays to be beneficial for 

participants, particularly participants with low graph literacy, we need to have a 

better understanding of the boundary conditions for these benefits. The implications 

of this research are strongly linked to the use of the shared decision paradigm in 

medical practice. Assisting patients to evaluate their own understanding accurately 

will allow the development of interventions for those who struggle with numerical 

treatment information, leading to more informed treatment decisions.  

Conclusion  

Our findings call into question the notion that icon arrays are beneficial for 

presenting risk information. Previous research has consistently found that when icon 

arrays are used, participants with high graph literacy show a significant increase in 

comprehension (Gaissmaier et al., 2012; Okan et al., 2012). However, we found no 

significant interaction between icon arrays and graph literacy on performance. 

Numeracy significantly predicted performance, with participants high in numeracy 

making more correct decisions and decisions that more accurately reflected their 

understanding. All predictors had non-significant effects on use of the “Don’t know” 

option, and usage was very low. This may indicate that participants were reluctant to 

use this option, or they did not feel the need to, believing that they answered 

correctly. Future research should further investigate how appropriate icon arrays are 

for presenting risk information, especially to those with low graph literacy, and 

explore the utility of an “Don’t know” option in these scenarios. 
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Appendices 

Appendix A 

Pilot 1 Stimuli and Results 

The treatment scenarios were worded as: 

Oscar has recently been diagnosed with lung cancer and is looking into which 

treatment option he should take. There are currently two best practice 

treatments available for this type of lung cancer. 

In a clinical trial with 1500 participants, of the 750 (Denominator) 

participants who received treatment A, 150 died (Numerator), compared to 

40 (Numerator) out of 750 (Denominator) participants who received 

treatment B. 

Based on this information, which is the better choice? 

 

Scenario  Treatment A Treatment B Accuracy 

 Numerator Denominator Numerator Denominator 

1 150 750 40 750 90% 

2 2 50 16 800 90% 

3 160 300 195 300 100% 

4 225 800 256 800 100% 

5 2700 10500 2550 8500 80% 

6 550 2000 1800 4500 90% 

7 40 800 35 500 90% 

8 5 10000 2 10000 100% 

9 33 80 42 110 50% 

10 27 200 36 200 100% 

11 180 480 72 320 90% 

12 127 3450 534 4860 100% 

13 50 1200 38 1200 90% 



54 

 

54 

 

14 17 90 66 300 60% 

15 344 400 546 600 90% 

16 19 5000 160 8000 100% 

17 11 90 7 90 100% 

18 50 1700 64 1600 100% 

19 78 2100 294 2100 100% 

20 588 8400 336 8400 100% 

21 37 450 62 450 100% 

22 3 20 11 50 90% 

23 260 1400 45 500 90% 

24 4 70 11 70 100% 

25 470 620 508 790 70% 

26 17 560 29 560 100% 

27 432 800 416 800 100% 

28 14 38 18 60 100% 

29 4 80 7 80 100% 

30 160 950 208 800 100% 

31 58 390 45 430 100% 

32 65 75 57 75 90% 

N=10 
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Appendix B 

Pilot 2 Stimuli and Results 

The treatment scenarios were worded as: 

Oscar has recently been diagnosed with lung cancer and is looking into which 

treatment option he should take. There are currently two best practice 

treatments available for this type of lung cancer. 

In a clinical trial with 1500 participants, of the 750 (Denominator) 

participants who received treatment A, 150 died (Numerator), compared to 

40 (Numerator) out of 750 (Denominator) participants who received 

treatment B. 

Based on this information, which is the better choice? 

o Treatment A 

o Treatment B 

 

Scenario  Treatment A Treatment B Accuracy 

 Numerator Denominator Numerator Denominator 

1 150 750 40 750 94% 

2 2 50 16 800 82% 

3 160 300 165 300 100% 

4 225 800 256 800 100% 

5 2700 10500 2550 8500 94% 

6 550 2000 1530 4500 76% 

7 40 800 35 500 94% 

8 5 10000 2 7500 82% 

9 33 80 42 110 76% 

10 27 200 36 200 94% 

11 180 480 102 320 71% 

12 127 3450 243 4860 82% 
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13 50 1200 38 1200 94% 

14 17 90 66 300 88% 

15 344 400 546 600 76% 

16 19 500 16 800 100% 

17 11 90 7 90 94% 

18 50 1700 48 1200 100% 

19 78 2100 126 2100 94% 

20 588 8400 272 6800 88% 

21 37 450 62 450 100% 

22 3 20 10 55 76% 

23 154 1400 65 500 94% 

24 4 70 6 70 100% 

25 470 620 508 790 71% 

26 12 560 60 800 100% 

27 432 800 416 800 100% 

28 12 38 18 60 88% 

29 4 80 7 80 100% 

30 160 950 152 800 82% 

31 58 390 52 460 82% 

32 65 75 77 98 94% 

N=17 
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Appendix C 

Pilot 3 Stimuli and Results 

The treatment scenarios were worded as: 

Oscar has recently been diagnosed with lung cancer and is looking into which 

treatment option he should take. There are currently two best practice 

treatments available for this type of lung cancer. 

In a clinical trial with 1500 participants, of the 750 (Denominator) 

participants who received treatment A, 40 died (Numerator), compared to 

150 (Numerator) out of 750 (Denominator) participants who received 

treatment B. 

Based on this information, which is the better choice? 

o Treatment A 

o Treatment B 

 

Scenario  Treatment A Treatment B Accuracy 

 Numerator Denominator Numerator Denominator 

1 40 750 150 750 85% 

2 1 50 32 800 100% 

3 165 300 160 300 85% 

4 256 800 225 800 85% 

5 3150 10500 2186 8500 85% 

6 680 2000 1238 4500 85% 

7 56 800 25 500 85% 

8 3 10000 4 7500 100% 

9 31 80 45 110 69% 

10 36 200 27 200 100% 

11 153 480 120 320 77% 

12 173 3450 179 4860 100% 
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13 38 1200 50 1200 92% 

14 20 90 57 300 100% 

15 364 400 516 600 54% 

16 10 500 30 800 69% 

17 7 90 11 90 92% 

18 68 1700 35 1200 85% 

19 126 2100 78 2100 100% 

20 336 8400 476 6800 92% 

21 62 450 37 450 100% 

22 4 20 9 55 85% 

23 182 1400 55 500 62% 

24 6 70 4 70 100% 

25 399 620 598 790 100% 

26 42 560 17 800 92% 

27 416 800 432 800 100% 

28 11 38 19 60 54% 

29 7 80 4 80 100% 

30 181 950 135 800 77% 

31 44 390 68 460 85% 

32 59 75 85 98 100% 

N=13 
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Appendix D 

Final Study Stimuli 

The treatment scenarios were worded as: 

Oscar has recently been diagnosed with lung cancer and is looking into which 

treatment option he should take. There are currently two best practice 

treatments available for this type of lung cancer. 

In a clinical trial with 1000 participants, of the 400 (Denominator) 

participants who received treatment A, 364 died (Numerator), compared to 

516 (Numerator) out of 600 (Denominator) participants who received 

treatment B. 

This information can be seen in the graphs below:                      

 

Based on this information, which is the better choice? 

o Treatment A 

o Treatment B 

o I don’t know 
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Table D9 

Medical Treatment Scenarios used in the Final Study 

Scenario  Treatment A Treatment B Accuracy 

 Numerator Denominator Numerator Denominator  

1 364 400 516 600 80% 

2 4 20 9 55 80% 

3 31 80 45 110 46% 

4 165 300 160 300 92% 

5 56 800 25 500 68% 

6 10 500 30 800 79% 

7 153 480 120 320 83% 

8 37 450 62 450 96% 

Note. Conditions used in the treatment scenarios include: lung cancer, emphysema, 

cirrhosis, cancer, infection, sepsis, bowel cancer, and lymphoma. 

 

Table D10 

Cognitive Load Manipulation used in the Final Study 

Scenario Original scenarios Forced choice scenarios 

 Cognitive load Cognitive load 

 High Low High Low 

1 MKDPLQ TG YTCZNB ZS 

2 RXCYNB HN QMHYDS XK 

3 LHWTDK MW XHYFLD LJ 

4 BRVSJC FT CXJTNG PZ 

5 GZDHNP PY PRJMVK GJ 

6 TFXMKW CQ YGBLSZ HX 

7 NJHGSF RB SWKJTP VD 

8 ZMHJPL YL DXLNRC SM 
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Appendix E 

Pilot 4 Stimuli and Results 

Table E11 

Pilot 4 Cognitive Load Manipulation and Norming Data 

Scenario High Low 

 Letter string Accuracy  Letter string Accuracy 

1 WHGFPS 59% TG 86% 

2 MKDPLQ 50% HN 91% 

3 RXCYNB 45% MW 91% 

4 LHWTDK 59% FT 77% 

5 BRVSJC 50% PY 91% 

6 GZDHNP 45% CQ 91% 

7 TFXMKW 59% RB 100% 

8 NJHGSF 41% YL 91% 

9 ZMHJPL 50% ZS 91% 

10 YTCZNB 50% XK 86% 

11 QMHYDS 55% LJ 91% 

12 XHYFLD 50% TY 95% 
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Table E12 

Pilot 4 Maths Filler Task Stimuli and Norming Data 

Trial Math task Accuracy Math task Accuracy Math task Accuracy 

1 8 × 3 95% 7 × 9 82% (8 × 9) ÷ 3 59% 

2 8 × 6 82% 68 ÷ 4 73% 15 × 7 73% 

3 19 × 3 77% 12 × 7 82% (80 ÷ 5) × 3 59% 

4 22 × 3 91% 108 ÷ 9 73% 612 ÷ 3 64% 

5 98 ÷ 7 68% (99 ÷ 3) × 5 59% 13 × 16 50% 

6 14 × 3 95% 15 ÷ 3 95% (90 ÷ 3) × 7 77% 

7 6 × 9 86% 180 ÷ 4 86% (11 × 12) ÷ 6 55% 

8 9 × 4 100% 46 ÷ 4 55% (540 ÷ 9) ×12 45% 

9 3 × 16 0% (17 × 3) ÷ 4 0% 14 × 7 77% 

10 120 ÷ 8 73% 7 × 4 82% (12 × 9) ÷ 4 64% 

11 560 ÷ 7 68% 11 × 13 45% (460 ÷ 4) × 3 55% 

12 89 ÷ 3 9% 6 × 6  95% (780 ÷ 4) × 5 27% 

13 640 ÷ 4 68% 77 ÷ 11 100% (3 × 17) ÷ 6 36% 

14 76 ÷ 4 77% 6 × 12 95% (170 ÷ 4) × 2 36% 

15 12 × 6 86% 38 ÷ 2 86% (57 ÷ 2) × 3 32% 

16 4 × 16 64% 64 ÷ 8 86% (4 × 7) ÷ 2 82% 

17 7 × 13 82% 96 ÷ 6 73% (17 × 5) ÷ 2 50% 

18 9 × 6 91% 384 ÷ 4 41% (860 ÷ 4) × 6 32% 

19 17 × 4 64% 82 ÷ 2 91% (8 × 3) ÷ 6 91% 

20 3 × 8 95% 153 ÷ 9 55% (8 × 12) ÷ 6 55% 

21 5 × 14 95% 608 ÷ 8 50% (6 × 5) × 9 91% 

22 8 × 15 77% 91 ÷ 7 86% (17 × 3) ÷ 10 36% 

23 7 × 7 86% 63 ÷ 9 82% (740 ÷ 5) × 3 45% 

24 12 × 12 91% 84 ÷ 7 91% (84 ÷ 4) × 7 64% 
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Appendix F 

Pilot 5 Stimuli and Results 

Table F13 

Pilot 5 Cognitive Load Manipulation with Accuracy 

Scenario High Low 

 Letter string Accuracy  Letter string Accuracy 

1 WHGFPS 80% TG 90% 

2 MKDPLQ 60% HN 90% 

3 RXCYNB 65% MW 100% 

4 LHWTDK 50% FT 95% 

5 BRVSJC 50% PY 80% 

6 GZDHNP 60% CQ 85% 

7 TFXMKW 65% RB 95% 

8 NJHGSF 60% YL 95% 

9 ZMHJPL 60% ZS 95% 

10 YTCZNB 65% XK 90% 

11 QMHYDS 50% LJ 100% 

12 XHYFLD 70% TY 100% 

13 CXJTNG 55% GJ 100% 

14 PRJMVK 70% HX 90% 

15 YGBLSZ 45% VD 90% 

16 SWKJTP 60% SM 100% 

17 DXLNRC 45% NY 90% 

18 FQVBHY 35% PZ 100% 

N=20 
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The treatment scenarios were worded as: 

Oscar has recently been diagnosed with lung cancer and is looking into which 

treatment option he should take. There are currently two best practice 

treatments available for this type of lung cancer. 

In a clinical trial with 1500 participants, of the 750 (Denominator) 

participants who received treatment A, 40 died (Numerator), compared to 

150 (Numerator) out of 750 (Denominator) participants who received 

treatment B. 

Based on this information, which is the better choice? 

o Treatment A 

o Treatment B 

Table F14 

Pilot 5 Medical Treatment Scenarios  

Scenario  Treatment A Treatment B Accuracy 

 Numerator Denominator Numerator Denominator 

1 40 750 150 750 85% 

2 1 50 32 800 85% 

3 165 300 160 300 85% 

4 256 800 225 800 85% 

5 3150 10500 2186 8500 55% 

6 680 2000 1238 4500 75% 

7 56 800 25 500 80% 

8 3 10000 4 7500 90% 

9 31 80 45 110 50% 

10 36 200 27 200 85% 

11 153 480 120 320 75% 

12 173 3450 179 4860 80% 

13 38 1200 50 1200 90% 
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14 20 90 57 300 80% 

15 364 400 516 600 60% 

16 10 500 30 800 70% 

17 7 90 11 90 90% 

18 68 1700 35 1200 65% 

19 126 2100 78 2100 90% 

20 336 8400 476 6800 85% 

21 62 450 37 450 90% 

22 4 20 9 55 80% 

23 182 1400 55 500 60% 

24 6 70 4 70 85% 

25 399 620 598 790 80% 

26 42 560 17 800 90% 

27 416 800 432 800 90% 

28 11 38 19 60 40% 

29 72 500 41 250 90% 

30 3 90 6 160 70% 

31 68 300 64 340 95% 

32 9 480 4 240 85% 

33 7 80 4 80 90% 

34 181 950 135 800 55% 

35 44 390 68 460 75% 

36 59 75 85 98 95% 

N=20 
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Appendix G 

Information Sheet for Participants 

1. Invitation 

You are invited to participate in a psychology study about decision making and 

memory. The experiment is being conducted under the supervision of Dr. Jim Sauer 

and Dr. Matthew Palmer of the Department of Psychology at the University of 

Tasmania. 

2. What is the purpose of this study? 

The study is investigating factors that affect people’s understanding of and memory 

for things like pictures and words, and the impact these have on decision making in 

health settings. 

3. Why have I been invited to participate? 

For this study, we are looking for people aged 18 years or more. Participation in this 

study is voluntary – you are entirely free to choose to participate or not, and there 

will be no consequences if you decide not to participate. If you do participate, any 

information you provide will be anonymous and no participants in the experiment 

will be individually identifiable. 

4. What will I be asked to do? 

Participation would require approximately 20 - 30 minutes of your time. The study 

involves remembering strings of letters and reading health scenarios, and then 

answering some questions about the scenarios. Participants will also be asked to 

complete some questionnaires at the end of the study. 

5. Are there any possible benefits from participation in this study? 

The results of this study will allow us to investigate how people interpret risk 

information and the factors that effect this interpretation and understanding. This 
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information will be useful, for example, in developing better ways to present 

information in classes or in health settings. 

6. Are there any possible risks from participation in this study? 

There are no foreseeable risks associated with participating in this study. 

7. What if I change my mind during or after the study? 

That’s fine - you are free to withdraw from the study at any time, and without 

providing an explanation. If you choose to withdraw during the study, your 

responses will be destroyed. If you complete the study, you will not be able to 

withdraw your data because it will be stored in anonymous form (and so we will not 

be able to identify which responses are yours). 

8. What will happen to the information when this study is over? 

The data from this study will be kept in secure storage on the University of Tasmania 

premises for a period of at least five years after any publications (e.g., in academic 

journals) that involve the data. The data will be stored anonymously. All responses 

will be anonymous and no identifying information will be collected from 

participants. 

9. How will the results of the study be published? 

The results of this study will be used to investigate how people interpret risk 

information and the factors that effect this interpretation and understanding. The 

results of this study will be published in a thesis, as well as an academic journal. No 

individual participants will be identifiable in the publication of the results. 

10. What if I have questions about this study? 

If you have any questions about this study, please feel free to contact us via email, at 

jim.sauer@utas.edu.au (Jim Sauer) or estanton@utas.edu.au (Esther Stanton). 
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This study has been approved by the Tasmanian Social Sciences Human Research 

Ethics Committee. If you have concerns or complaints about the conduct of this 

study, please contact the Executive Officer of the HREC (Tasmania) Network on 

(03) 6226 7479 or email human.ethics@utas.edu.au. The Executive Officer is the 

person nominated to receive complaints from research participants. Please quote 

ethics reference number H12660. 

 

If you have read and understood the above information, and consent to participating 

in this study, click next. 

If you do not / no longer wish to participate in this study, please close the browser. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


