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Science literacy in action: understanding scientific data presented
in a citizen science platform by non-expert adults
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ABSTRACT
Citizen science is transforming the ways scientific knowledge is created, in
that citizens participate in active scientific research, and large scientific
databases can be accessed online. However, data availability does not
guarantee public use or the relevance of these resources. This paper
addresses the ways in which non-expert adults involved in a citizen
science initiative, perceive, understand and use its scientific information.

Participants responded to an online questionnaire presenting air
quality data from ‘Sensing the Air’ citizen science platform, followed by
interpretation questions (n = 123). The results showed that 70% of
participants were able to interpret the data presented in various visual
representations. No differences were found between gender, age or
education level. However, respondents with tertiary scientific education
obtained higher average scores. Among users who had previous
experience with the project, overall scores were higher, and differences
based on respondents scientific education were fewer. This may
suggest that while scientific education is important in providing skills for
data interpretation, it is not the only way to acquire these skills. This
study highlights the ability of non-experts to understand and apply
scientific data in daily situations and the potential of citizen science to
develop scientific skills, competencies and public understanding of
science.
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Introduction

One of the main goals of science education in schools is to develop science literacy and provide stu-
dents with opportunities to develop the knowledge and skills they need to live in a scientifically and
technologically enhanced society (National Academies of Sciences Engineering and Medicine, 2016;
Ryder, 2001). The idea underlying this notion is that science and technology are prevalent in our
day-to-day lives, today more than ever. Navigating this world and making informed decisions on
topics such as medical treatment and nutrition is complex, and requires some level of understanding
of scientific concepts and practices.

Feinstein (2011) coined the term ‘competent outsider’ to describe nonscientists who are capable of
accessing and making sense of science relevant to their lives. Competent outsiders should have the
capability to access and interpret science related to specific practical problems they may have. This is
especially crucial in a post- truth era, characterized by a rise in misinformation circulated via social
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media which threatens to undermine our ability to recognize truth (Lewandowsky et al., 2017; Peters,
2018).

Science literacy in this context demands both understanding and the implementation of scientific
data (Murcia, 2009). Understanding scientific information without the will or ability to implement
its conclusions, would not meet the expectations of being a competent outsider. This is because the
purpose of developing scientific competences is precisely for their application: solving problems by
applying newly acquired knowledge, facts, methods and rules (National Academies of Sciences
Engineering and Medicine, 2016).

However, making a decision based on evidence is often far from straightforward. It is particu-
larly difficult when trying to interpret large databases which include many variables, factors and
conditions. While thoughtful visualization of the data can assist this process, some scientific skills
are still necessary to fully understand scientific data and make them useful to the individual.
These skills include reading graphs, formulizing research questions and reasoning with evidence
(National Research Council, 2014). It is not clear, however, whether non-expert adults have the
appropriate competences to do so. This question was explored here in the context of citizen
science.

In recent years, ordinary citizens have had the opportunity to be exposed and contribute to
the creation of new scientific knowledge through participation in citizen science projects. Citizen
science is a collaborative effort of citizens and scientists, where members of the public are actively
engaged in scientific research projects (Bonney, Ballard, et al., 2009). Participants engage in data
collection, classification and analysis, in addition to opportunities to access large databases and
engage in dialogue with experts (Mahr et al., 2018). Citizen science provides opportunities for
people to directly examine, understand and use real time scientific information, without the
need of intermediaries.

When discussing scientific data produced for and by the public, such as in citizen science projects,
the importance of clear data visualization is enhanced. A fair requirement in citizen science is that
data collected and produced by the public be transparent and accessible to the public (Albagli et al.,
2015). Many citizen science projects do so by opening their data online and allowing their resources
to be reused by interested parties (Golumbic, Baram-Tsabari, et al., 2019). However, making the raw
data available does not guarantee its accessibility, public relevance or the use of these resources.
Additional efforts are needed to make the data understandable and create visual displays that people
can make sense of.

In our previous work, described in detail in Golumbic, Fishbain, et al. (2019), we describe the
design of an online data presentation platform for the ‘Sensing the Air’ citizen science initiative.
This design utilized a user centered design approach for identifying participants’ needs and require-
ments, and developing the platform towards those needs.

Here, we continue this work by exploring the public’s understanding of the air quality data pre-
sented in the platform. We examine how Sensing the Air platform was used in practice and how
adults with different educational backgrounds perceive, understand and use scientific information
presented in different visualization styles, to better determine how non-experts understand and
apply complex scientific air quality data. This study has important implications in understanding
the ability of citizen science and scientific data visualizations, in raising scientific literacy within
the public domain.

Two research questions guided this work:

(1) How do people understand and apply scientific information presented in a range of visual dis-
plays within Sensing the Air platform?

(2) What is the association between scientific education and experience engaging with the platform,
and participants’ understanding and use of the platform visual displays?
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Related literature

The term ‘public understanding of science’ is used in many contexts to describe public’s scientific
knowledge, comprehension or beliefs. In many cases it is used interchangeably with the term ‘science
literacy’, thus underscoring its importance for informed decision making. While there is no one
definition of public understanding of science, it is fair to assume it entails more than simply knowing
scientific facts but instead having a holistic view of them (Huxster et al., 2018). For the purpose of
this study, we define science literacy as the ability of an individual to access scientific information
relevant to one’s life, make sense of the information and use it to make informed decisions. We con-
sider public understanding of science as a subset of science literacy and define it as the ability to make
sense of scientific information and apply it in various contexts.

On the societal level, science literacy is often assessed through large public surveys of science
opinions and knowledge. Many of these surveys are longitudinal and provide an ongoing picture
of average performances over time and across countries (National Academies of Sciences Engineer-
ing and Medicine, 2016). The Science and Engineering Indicators (National Science Board, 2018)
have been used to measure factual scientific knowledge in the US since 1979 and more recently
include reasoning and understanding the scientific process. The findings indicate there is little
change in adults’ average scientific knowledge and understanding of scientific processes over time.
However, scores were found to be closely related to levels of formal education. For example, whereas
participants who had not completed high school had an average score of 43% on the science and
engineering indicators, individuals with a bachelor’s degree scored 74% on average (National Science
Board, 2018). Similar results have been found in two Pew Research reports addressing scientific
knowledge and interests and participation in scientific activities (Funk & Goo, 2015; Funk et al.,
2017). In both studies, individuals with higher levels of education showed greater scientific knowl-
edge, interest in science and an increased likelihood of taking part in science activities.

Studies on scientific literacy in schools illustrates the difficulties involved in teaching for this pur-
pose (e.g. Archer-Bradshaw, 2017; Linder et al., 2007). Classroom science often does not reflect the
actual practice of science as a way to develop explanations for natural phenomena using evidence and
logic (Crawford, 2013). Trying to develop an understanding of real, often incomplete and uncertain
science in a classroom is a complex process which often fosters miscomprehension (Allchin, 2014).

This problem is not restricted to school environments. Research has shown that topics such as
uncertainty and probability are often not understood by many members of the public (e.g. Dunwoody,
2016). Studies of public engagement with science in both online and offline environments indicate that
scientific data and concepts are used selectively to reinforce personal opinions; good examples are vac-
cinations (Larson, 2018; Orr & Baram-Tsabari, 2018), genetically modified foods (Landrum et al.,
2019) and climate change (Kahan, 2017; Whitmarsh, 2011). Ultimately, public attitudes are often
made up of many types of knowledge, personal judgment, values and trust (Wynne, 1991).

Furthermore, personal decisions on scientific topics are often influenced by media, context in
which science information is presented, text comprehensibility and readers’ comments on social
media (Bromme & Goldman, 2014). Scharrer et al. (2017), describe the ‘easiness effect of science
popularization’ in which oversimplification of scientific content causes individuals to rely on their
personal capabilities when making judgments about scientific claims rather than recognize their
inabilities. They therefore recommend science communicators and educators highlight topic com-
plexity and controversy when informing laypeople about science in a comprehensible manner.

Another approach to strengthening public understanding of science is through active partici-
pation in scientific activities (Bonney et al., 2016). By actively engaging lay audiences in science it
is assumed that the public will become more aware, informed and in the long run develop important
scientific capabilities (National Academies of Sciences Engineering and Medicine, 2017). Several citi-
zen science projects have reported increased learning and participatory opportunities. Participants
have been reported to create a scientific identity, learn scientific content and skills, and develop per-
sonal responsibility (Jordan et al., 2015). However, the ways to best design and plan for these
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outcomes is not well understood. Furthermore, while citizen science often provides open access to
databases, availability of information does not mean it is accessible or comprehensible by general
audiences. This may require additional facilitation and design geared specifically to helping the pub-
lic understand scientific data.

Data visualization

One way to facilitate the process of accessing and interpreting scientific data is through data visual-
ization. Visualization involves grouping and developing organizational frameworks (Börner & Pol-
ley, 2014). There are many ways to group data through visualization depending on the questions
raised. These include charts, such as pie chart and word clouds, tables which are simple and effective
ways to convey data, graphs which are the most common form of visualization, geospatial maps and
network graphs (Börner & Polley, 2014). Deciding which type of visualization to use can be challen-
ging and may have implications for data interpretation (McCrudden & Rapp, 2017). Ultimately, the
presentations of evidence for scientists and citizen scientists alike should be consistent with the ana-
lytic task at hand, which usually involves understanding causality, making multivariate comparisons,
examining relevant evidence and assessing its credibility (Tufte, 2006).

How individuals interpret and learn from data visualizations is essential to understanding
people’s broader understanding of science. Making sense of unfamiliar visualizations is a multiple
stage cognitive process, that begins with exposure to the visualization, framing, exploring, and ques-
tioning it (Lee et al., 2016). Visual displays tap such cognitive processes as selection, organization and
integration of data and hence efficiency of interpretation (McCrudden & Rapp, 2017). Once familiar
with a visualization style, sense making becomes easier and more straightforward.

Method

Research setting

This study was conducted as part of the citizen science project ‘Sensing the Air’, initiated in 2015 by
the Technion, the Israel Institute of Technology with the aim of facilitating air quality research
through active involvement of volunteers (Golumbic, Fishbain et al., 2019). Sensing the Air utilizes
new Micro Sensing Technologies (MSUs), distributed in collaboration with project participants to
continuously monitor air quality in the local environment. Measurements were transmitted daily
from sensors to a central database for two purposes: (1) For participants to access air quality data
for personal use in their day-to-day life, and (2) For scientists to use for modeling air quality and
examining the validity of the network of sensors.

Access to the air quality data was provided using an open online platform (see Figure 1, and
http://sensair.net/map.php). The platform presents both sensor data (collected through Sensing
the Air) and data collected by the government and municipalities (data which is publicly available
online but hard to locate and difficult for lay audiences to understand). Air quality information is
presented in three formats: a general map, a pollutant-specific display per location, and graphs dis-
playing pollutant concentrations over time. These formats respectively provide spatial, pollutant-
specific and temporal information of air quality.

Study design and sample

This study was designed to examine the public’s understanding of air quality data presented on the
Sensing the Air platform. For this purpose, we constructed a questionnaire presenting authentic
snapshots from the platform (see Research tools and analysis for more details), and presented
them to non-experts with various science education backgrounds to determine how they understood
and applied the data. Data collection spanned 6 months from December 2016 to June 2017, and
resulted in 123 fully completed questionnaires.
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The research population was composed of Sensing the Air project participants, who were defined
as adult non-experts in air quality, who volunteered for the Sensing the Air project, registered as
users on the project platform, or attended a project public activity or lecture (these activities did
not include explanations or demonstration of the project platform). The questionnaire was distrib-
uted to all project participants online via the Sensing the Air website, e-mail listings, and its Facebook
page. In addition, participants in Sensing the Air activities and/or lectures were asked to fill out the
questionnaire during the activity they attended.

Since project participants (based on the above definition) are quite diverse in terms of time com-
mitment to the project and motivations to participate, the sample of respondents was divided into
two subgroups for purposes of this study:

. Authentic users who engaged with the project of their own volition and have registered as users on
the project website or volunteered to host a sensor in their home. Respondents completed the
questionnaire online at their convenience, with a 22% response rate and a total of n = 32.

. One-time participants who attended a project talk as part of a course or teacher training session.
Respondents completed the questionnaire at the end of the activity, with approximately 70%
response rate (the exact number is not available) and with a total of n = 91 respondents.

Sample demographics (Table 1) were similar within the two participant subgroups and were con-
sistent with other citizen science projects, which tend to engage educated participants (Soleri et al.,
2016). However, our sample was more diverse than usually reported in terms of age and gender.

Research tools and analysis

Questionnaire design and structure

The main research tool used for this study was an online questionnaire. The questionnaire was built
around the existing displays of air quality information on the Sensing the Air platform and aimed to
examine how participants understood the air quality data presented, while determining platform
accessibility and usability. The questionnaire had four sections, each based on one visualization
type: map, table, graph and a combination of the three. Each visualization type presented different

Figure 1. Visualizations on the Sensing the air platform, presenting air quality data. The figure was translated from Hebrew.
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information and was designed to answer a different question about the data; namely: Where are the
data from? What do the data present? When was the data collected? (Börner & Polley, 2014).

The questions (summarized in Table 2) were structured around screen shots taken from the
data presentation platform, and used a multiple choice format (see example in Figure 2). The
questions were structured to identify the respondents’ ability to recognize the differences between
what each visualization type presents, and what can be learned from it. For example, Figure 2
presents a map of the neighborhood with sensor locations, each indicating the air pollution
measured on a 1–5 color-coded scale (green- very low to red- very high). The figure was followed
by the question: Can you use this map to tell what area of the neighborhood is more polluted?
Since this question refers to spatial data and aims to answer the ‘where’ question, the correct
answer is ‘yes’.

In addition to the close-ended questions, two open-ended question were included in the question-
naire and which assisted in understanding respondents reasoning process. The first asked respon-
dents to explain their choice of answer for item 4 (which has additional complexity as described
in the results section). The second open question, was located at the end of the questionnaire and
was used as an integration question, dealing with the application of the air quality information in
practice. This question asked respondents to recommend a walking route between two points at a
specific hour of the day, based on the information provided in the platform. The average completion
time for the questionnaire was 20–30 min.

Validity
Content validity was assessed by asking two air quality experts to review the questionnaire and
indicate the correct scientific answers. In addition, two project participants were administered
the questionnaire during an interview and were asked to express their opinions on the question-
naire structure and phrasing. The revised questionnaire was further reviewed by five independent
science education researchers who checked the questionnaire phrasing, provided insights into
possible misunderstandings and suggested rephrasing options. In addition, they assessed the
difficulty of questions for each visualization and ensured the questions were of similar difficulty
level.

Ethical considerations
IRB approval was obtained from the Technion institutional committee (approval: Nov. 2014). All
participants expressed their full consent for the academic use of the data.

Table 1. Demographics of respondents to the online questionnaire.

Demographic parameter

Gender Male Female
One-time 43% 57%
Authentic 44% 56%
Total 43% 57%

Age 18–24 25–30 31–50 51–70
One-time 4% 23% 58% 14%
Authentic 10% 29% 45% 16%
Total 6% 24% 55% 15%

Tertiary education None BA/BSc/BEd MA/MSc/MEd PhD
One-time 5% 45% 44% 5%
Authentic 6% 44% 47% 3%
Total 5% 45% 45% 5%

Highest level of science education Middle school High school Tertiary degree
One-time 18% 22% 60%
Authentic 16% 25% 59%
Total 17% 23% 60%
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Table 2. Summary of multiple-choice questions, correct answers and finding.

Question
number

Visualization
type Visualization Visualization question Statement

Correct
answer

% correct
answers

Averaged
percent (±std)

1 map Can you use this map to tell: What area of the neighborhood is more
polluted?

yes 88.3 77.5 (±10.9)

2 What the most common pollutants in the
neighborhood are?

no 64.7

3 What area of the neighborhood has good
air quality?

yes 84.8

4 Why is there pollution in the
neighborhood?

no 72.4

5 table Match the findings in the figures to the
following conclusions

PM10 is the pollutant with the highest
concentration

1 71.4 76.2 (±7.8)

6 One pollutant is the cause of very bad air
quality

4 81.0

7 Air quality is very good 2 84.5
8 A number of pollutants cause the air

quality to be medium
3 67.8

9 graph The two graphs below provide information
from co-located sensors. What can be
learned from them?

NO2 is the pollutant whose concentration
varies the most throughout the day

yes 95.6 73.0 (±15.8)

10 The pollutant most influencing air quality
is NO2

yes 58.2

11 CO is not dangerous no 63.4
12 The similarity between the graphs suggest

they are showing the same air
phenomenon

yes 83.4

13 Air quality in this location is generally
good

yes 64.3

14 Combined
visualization

Which of the displays answers the following
research questions?

When was the highest concentration of
NO2 recorded?

1 75.4 72.2 (±5.2)

15 What is the air quality in Hanita St.? 3 75.2
16 What air pollutant is causing the bad air

quality now?
2 63.5

17 What is the CO concentration over time? 1 76.0
18 Which sensors measure medium air

quality?
3 71.1

total 74.55 (±10.1)
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Data analysis

Analysis of the multiple-choice responses applied SPSS software. Two-way ANOVAs were used to
compare group scores, followed by Scheffe post-hoc tests when significant F values were found. Chi-
Square tests were used with categorical variables. Answering ‘I don’t know’ was considered as an
incorrect answer for the purpose of calculating the number of correct answers. In the case a respon-
dent did not answer a specific question, the average was calculated without it. Open questions were
analyzed thematically, by identifying emerging themes in the responses (Guest et al., 2011). These
were subsequently used to create clusters of recurring issues and for coding the responses categori-
cally (Braun & Clarke, 2006). Interrater reliability for the coding of the open-ended questions on 15%
of the items was above 90%. Responses for the open-ended questions ranged from 49% to 63% replies
per question.

Results

Our overarching goal was to explore the ways in which non-experts understand and apply complex
scientific air quality data. This was examined in a range of visual displays across respondents with
differing scientific backgrounds and experience with the platform. We presented participants with
screen shots from Sensing the Air platform followed by a series of questions. A summary of the
close-ended questions and the percentage of correct answers appears in Table 2.

Understanding and using scientific information

Overall scores for the multiple-choice section of the questionnaire were relatively high, with an aver-
age of 12.6 correct answers out of 18 (70%). The distribution of scores was negatively skewed (most
scores were on the higher side of the scale with very few low scores) with over 50% of the respondents
(n = 69) answering 13–17 correct answers. No differences were found between participants as a func-
tion of gender, age group or level of education.

Figure 2. Print-screen from the data presentation platform used in the questionnaire (modified and translated from Hebrew). The
figure is followed by the question: can you use this map to tell what area of the neighborhood is more polluted? (yes).
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The percentage of correct responses ranged from 58.2% to 95.6% between questions, with an aver-
age of 74.5 and a SD = 10.1 (Table 2). Grouping the responses according to presentation type (map,
table, graph and combined), all had similar averages ranging from 72.2% to 77.5%. However, differ-
ences were found within each visualization style. The questions associated with the lowest percentage
of correct answers (over one standard deviation below the mean), hence indicating the difficulty of
interpreting the information in them, were items 10, 11, 13 and 16 from the graph and combined
visualizations. The questions associated with the highest percentage of correct answers (over one
standard deviation above the mean), hence indicating the relative clarity of the information in
them, were items 1, 3 and 9 from the map and graph visualizations.

These results provide some insights into the clarity of the different visualization styles. Interest-
ingly, the graph presentation had both the highest and lowest average scored items. This would
suggest the graph presentation had some clear and some more difficult information to interpret. Clo-
ser inspection shows that the graph presentations entailed different types of data, including temporal
information on the X axis, and air quality levels from a number of air pollutants on the Y axis. As
such, much can be learned and understood from the graph. Some of the data may be easier to inter-
pret than others, explaining the large differences found within this group.

The map visualization had some items with the highest percentage of correct answers, but no
items with a low percentage of correct answers. This may suggest the map visualization is clearer
to understand than the other visualization types.

A deeper look at the map visualization examined the reasoning behind respondents’ answers to
question number 4: ‘Can you use this map to tell why is there pollution in the neighborhood?’ (no).
This was done using an open-ended question shedding light on how people understood the details in
the map and what can and cannot be learned from it. Question number 4 may be confusing since
assumptions could be made to explain why pollution was present in the neighborhood. However
in practice, the data to prove these assumptions could not be obtained from the map; therefore
the correct answer was ‘no’. Of the 84 respondents who correctly answered item 4 (that the question
cannot be answered), 58 answered the open-ended question providing three levels of explanation
(Table 3): (A) A statement that the questions cannot be answered, or that there is no data to answer
the question, with no additional explanation. For example: ‘there is no way of knowing why by looking
at the map’. This level of response categorized 10% of the respondents. (B) An explanation stating
that the map contained no information about types of pollutants and/or pollution sources. For
example: ‘There is no indication of pollution sources, only pollution levels’. This level of explanation
was coded as matching 55% of the respondents. (C) Expressing speculations as to the causes of pol-
lution, but noting they cannot be deduced from information on the map alone. For example: ‘Air
pollution can emanate from a number of sources such as industries and transportation. It is difficult
to determine the source from the level of pollution stated on the map’. This level corresponded to
answers provided by 14% of the respondents. In addition, 21% of the respondents in this category
provided other explanations such as outlining the pollution sources in the area or stating there
was pollution (Table 3).

Of the respondents who answered item 4 incorrectly, the vast majority (8 out of 9 comments) gave
a reasoned albeit wrong answer. This included explanations that sources of pollution can be inter-
preted from the map (an incorrect assumption), for example: ‘You can see that there are yellow marks
on the main street, this is linked to traffic congestion on the road’. Although this explanation makes a
valid point, and may indeed be the reason for pollution in the area, it cannot be deduced from the
map and therefore is incorrect. Similar explanations were given by four respondents in this group.
Four other respondents speculated about the causes of pollution without indicating whether and how
the map supported their claim. An example is ‘Due to industry emissions’ (Table 3).

Finally, among the respondents who replied they did not know the answer, only three out of ten
provided a reasoned answer explaining there are too many unknown factors. For example: ‘There
seems to be a relationship between the road and pollution. However, this is very simplistic and ignores
many variables. Therefore, it is not possible to determine whether the map provides an answer to the
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question above’. This explanation is very detailed and correct, but should have led the respondent to
conclude that the question cannot be answered. The remainder of respondents either did not provide
an explanation (e.g. ‘not clear’) or cited simple speculations (e.g. ‘mostly because of roads’) (Table 3).

The final questionnaire item was an open-ended question examining the application of the air
quality information in a practical context. This question aimed to measure respondents’ consolida-
tion of the information presented in the platform and their ability to turn the information into prac-
tical recommendations. The responses were classified based on two variables: A. which
representation of the platform the respondents said they would use to answer the question (map,
graph or both). B. whether they provided an explanation of the use they would make of the represen-
tation. A full answer was defined as including a combination of information from the map and graph
and an explanation that the map could provide a general indication of the route, based on locations
with green sensors, whereas the graph could be used to check these sensors at specific hours of the
day.

This yielded four types of responses: 1. A full answer, which combined information from the map
and graph with relevant explanations. 2. A partial answer with information from both the map and
graph, but with no explanation. 3. A partial answer, with either information from the map or the
graph with relevant explanations. 4. A partial answer with no explanation. The majority of the
respondents (40%) gave a partial answer, followed by an explanation that the map provided spatial
information about pollution (Table 4). For example, ‘I would use the map to find out which route had
the least air pollution’. An additional 32% of the respondents answered they would use the map, but
did not provide an explanation or a use case. Altogether 72% of the respondents said they would use
the map alone. Seventeen percent of the respondents provided a full answer with a full explanation,
and 7% gave a full answer without an explanation. Only 4% of the respondents did not include the
map information at all in their answer (Table 4). This further strengthens the previous findings that
the map was clear and useful for participants.

These responses provide some insights into the way the participants made use of the information
presented. Explanations were provided by 46 respondents (61%), which demonstrates the extent to
which they understood and were able to use the information presented in Sensing the Air platform.
Interestingly, respondents who provided explanations had higher average scores on the

Table 3. Summary of responses to the open-ended question related to item 4: why did you answer item 4 the way you did? The
responses are categorized according to types and levels of explanations.

Level of explanation

Answered correctly
(n, %)

Answered
incorrectly (n, %) ‘I don’t know’ (n, %)

N % N % N %

Simple statement 6 10% 1 11% 5 50%
Provide explanation 32 55% 4 44% 3 30%
Additional speculation 8 14% 4 44% 2 20%
Other explanations 12 21%

Table 4. Level of explanations provided by all respondents to the walking route recommendation question.

Level of explanation N % Example

Full answer: map + graph +
explanation

13 17% Using the map and graph, I could suggest a route with the lowest pollution at a
specific hour (one-time participant, engineer, 30–50)

Partial answer: map + graph,
NO explanation

5 7% Based on the map and the distribution of pollutants throughout the day (one-time
participant, programmer, 25–30)

Partial answer: map +
explanation

30 40% I would use the map to find out which route had the least air pollution (one-time
participant, programmer, 30–50)

Partial answer: graph +
explanation

3 4% I would look at the history of measurements in that location (one-time participant,
engineering student, 18–24)

Partial answer: map NO
explanation

24 32% Based on the map (one-time participant, programmer, 30–50)
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questionnaire than respondents who did not provide explanations (t = 2.6, p < 0.05) (Figure 3),
indicating that a better understanding of the data could result in increased use.

Scientific education and experience with the platform

The second research question was designed to examine the association between scientific education
and the ability to interpret the visualizations, comparing responses of one-time with those of auth-
entic users. Analysis of the multiple-choice questions based on the respondents’ level of scientific
education revealed higher scores among respondents with a tertiary scientific degree (mean =
13.2) relative to respondents who last studied science in middle school (mean = 10.3, F = 3.8 p <
0.05) (Figure 4). Furthermore, authentic users of the platform obtained higher scores on average
(mean = 14.5) than one-time users (mean = 12, F = 9.6 p < 0.05) (and relative to the overall average,
mean = 12.6). Interestingly, within this (admittedly small) group, no differences were found between
respondents with different scientific education backgrounds (Figure 4).

Given the differences described above in the scores obtained by respondents with different scien-
tific education backgrounds, we tested for interactions within the different visualizations styles on the
questionnaire (map, table, graph and combined). No differences were found in terms of average

Figure 3. Average scores for respondents who provided and did not provide explanations for the recommendation question. Num-
ber of respondents are indicated at the bottom of columns. The difference was statistically significant (p < 0.05).

Figure 4. Average number of correct answers among respondents with different levels of scientific education. Number of respon-
dents are indicated in the bottom of the columns. The asterisk indicates statistically significant differences (p < 0.05).
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scores on the map visualization questions between respondents with different scientific backgrounds
(Figure 5). Similarly, no differences were found for the graph visualization questions, which had both
the highest and lowest scored items (Table 2). However, respondents who last studied science in
middle school had significantly lower scores on the table and combined visualizations (F = 8.4
and 17.1 respectively, p < 0.05).

Finally, we examined the explanations provided based on the respondents’ scientific education
background. Although no significant differences were found in terms of the distribution of answers
(full/partial answer), providing explanations was found to be associated with level of scientific edu-
cation (χ2 = 6.8 p < 0.05). Respondents who had a tertiary scientific degree tended to provide expla-
nations whereas respondents who last studied science in middle school did not provide such
explanations (Figure 6(A)). Furthermore, authentic users tended to use more explanations than
one-time users (χ2 = 11.7 p < 0.05) (Figure 6(B)) regardless of their scientific education.

Discussion

This study examined how citizens involved in the Sensing the Air initiative understand and
apply the scientific information made available on the site. Since air quality data are often com-
plex, confusing and hard to understand, this article aimed to assess how participants grasp such
data when presented in a range of visual displays, and how scientific education and experience
with the platform are associated with participants’ understanding and ability to use the
platform.

Overall, our findings suggest that access to air quality data provided through Sensing the Air plat-
form is convenient and understandable to users. The average score across all the close-ended ques-
tions on the questionnaire was 70%, indicating that most participants were able to understand the air
quality data presented well across presentation types. In comparison, a similar survey spanning five
Zooniverse projects, with close to 2000 respondents, reported an average score of just under 50% in
both general science knowledge and project specific science knowledge quizzes (Masters et al., 2016).
However, the Zooniverse and Sensing the Air surveys may not be comparable, since they examine
different levels of knowledge and understanding. The questions formulated in this study reflect prac-
tical use of the platform rather than examining knowledge or analysis skills. While these questions
may have been easy for some participants, it may suggest that the Sensing the Air platform is easier to
understand and more intuitive.

Figure 5. Average scores for the four visualization styles, according to respondents’ scientific education. Number of respondents
are indicated in the bottom of the columns. Asterisks indicate statistically significant differences (p < 0.05).
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In fact, the participants in Sensing the Air stated that the platform interface is convenient and
clear, and provides necessary practical information (Sensing the Air, non-published data). This con-
trasts with the many comments on the information available today from the Ministry of Environ-
mental Protection (MoEP). According to participants, the MoEP information (presented on their
website) is not sufficiently available, not transparent enough and therefore is not accessible.

One of the strengths of the Sensing the Air platform, as described previously (Golumbic, Fishbain
et al., 2019) is its multiple level data presentations. This display enables each user to examine infor-
mation at the level and type they find useful. The findings here suggest that while all presentation
types were clear to participants, the map presentation appeared to be best understood across groups.
Two of the map visualization items had the highest percentage of correct answers. In addition,
almost all responses to the final integration question (96%) indicated that the participants would
use that map presentation to select a pedestrian route as compared to 27% who indicated they
would use temporal information from the graph. This again may underscore the clarity of the infor-
mation presented on the map. Together these results suggest that the map visualization was clearer to
understand and more useful than the other visualization styles used.

Maps are pictorial displays of object locations that are often presented in relation to other objects
through static images (McCrudden & Rapp, 2017), making the interpretation process simpler (Bör-
ner & Polley, 2014). This could help account for the findings and provide insights into future visu-
alization designs. Numerous citizen science projects use map displays to present their spatial data.
Examples can be found in projects such as eBird1, CoCoRaHS2, OPAL3 and many others (Golumbic,
2015).

Science education was found to be associated with the interpretation of the data presented in the
platform as seen in the higher scores obtained by respondents with a scientific degree compared to
participants who last studied science in middle school. This trend also emerged for respondents who
provided explanations for the integration open-ended question, since they tended to be participants
with higher scientific education levels. While this result presents an association between scientific
education and higher scores, it does not inform us whether or not the reason for this result was
due to the higher education. However, it is consistent with previous studies reporting a correlation
between education levels and scientific knowledge, interest and participation (Funk et al., 2017;
National Science Board, 2018).

However, among authentic users of the platform, there were fewer differences between scientific
education backgrounds, and overall scores were higher. This may suggest that although scientific
education is important in providing skills for interpreting scientific data, it is not the only way to
acquire them. Participating in citizen science projects, being exposed to scientific data and assisting

Figure 6. Respondents who provided and did not provide explanations for the recommendation question, as a function of their
level of scientific education (A) and among authentic users (B). Number of respondents are indicated at the bottom of columns.
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in its collection can help develop scientific skills and competencies, as suggested by Bonney, Cooper,
et al. (2009). This process is intensified when the project and its goals are related to the participants’
daily lives (Ballard et al., 2017), as it enhances motivation and interest. Similarly, in a study examin-
ing scientific knowledge of parents of hearing impaired children, scientific knowledge was found to
be a predictor of contextual knowledge but not of advocacy knowledge and attitudes. Rather, parents
were found to rely on heuristics from their daily experiences and acquire specific content knowledge
only if needed (Shauli & Baram-Tsabari, 2018).

This study has certain limitations that may have introduced bias and therefore must be con-
sidered. First, its small and highly educated sample does not reflect the population. This may
make it difficult to generalize the findings to diverse populations with less schooling. Second, the
questionnaire took 20–30 min to complete, which may be longer than people wish to spend on a
questionnaire. This could have discouraged potential individuals from participating. Furthermore,
while most of the authentic users responded to the online questionnaire in their free time, the
non-authentic users responded as part of a lecture, thus making their response rate higher. This
could have introduced a bias in favor of the authentic users since it is possible that only confident
participants completed the questionnaire.

Overall, given the literature on the development of science literacy and its goal to provide oppor-
tunities to develop scientific skills for daily life (National Academies of Sciences Engineering and
Medicine, 2016; Ryder, 2001), citizen science clearly emerges as a useful tool to consider. As
shown by the Sensing the Air platform, users of the platform exhibited a good understanding of
the scientific information and provided cogent examples of the use of such data. This was facilitated
by the user-friendly presentation of relevant real time air quality information. The findings thus
underscore the importance of transparent and accessible information and the participants’ varying
ability to understand and use complex scientific data. The public’s involvement in these issues can
contribute to the management of local problems through the promotion of creative and useful ideas,
and lead to greater public activism.

This paper provides an important contribution to science education and science communication,
elucidating the potential of citizen science to develop scientific skills, competencies and public under-
standing of science. It highlights the ability of non-experts to understand and apply scientific data in
daily situations and the importance of facilitating scientific information for public use. These finding
also have implications for future design of citizen science websites and platforms, and underscore the
importance in providing simple and clear visualizations for platform users and citizen scientists.

Notes

1. https://ebird.org.
2. https://www.cocorahs.org.
3. https://www.opalexplorenature.org.
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