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Abstract

Inequalities in scientific knowledge are the subject of increasing attention, so how factual
science knowledge is measured, and any inconsistencies in said measurement, is
extremely relevant to the field of science communication. Different operationalizations of
factual science knowledge are used interchangeably in research, potentially resulting in
artificially comparable knowledge levels among respondents. Here, we present
data from an experiment embedded in an online survey conducted in the United
States (N = 1,530) that examined the distribution of factual science knowledge
responses on a 3- vs. 5-point response scale. Though the scale did not impact a
summative knowledge index, significant differences emerged when knowledge items
were analyzed individually or grouped based on whether the correct response
was “true” or “false.” Our findings emphasize the necessity for communicators to
consider the goals of knowledge assessment when making operationalization
                                                                             
                                                                             
decisions.
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1     Context

While scholars agree that factual science knowledge plays an important role in people’s
attitudes toward science and technology, exactly how and how much knowledge affects
attitudes remains a topic of considerable debate [e.g. Brossard and Nisbet, 2007; Simis
et al., 2016; Sturgis and Allum, 2004]. Advocates of the knowledge deficit model —
prominent in the fields of science, technology, engineering, and math (STEM) [Simis et al.,
2016]  — have persistently argued that filling gaps in scientific literacy among general
audiences enables rational scientific decision-making, thus encouraging favorable
scientific attitudes among publics [Allum, Sturgis et al., 2008; Kahlor and Rosenthal, 2009;
Miller, 2004; Lee and Scheufele, 2006]. However, empirical research on factual knowledge
as a predictor of public perceptions of science show mixed results. Some studies report a
positive but weak link between scientific literacy and support for science [e.g.
Brossard and Nisbet, 2007; Priest, 2001], while others find no such linkage or only an
indirect one [e.g. Brossard, Scheufele et al., 2009; Scheufele and Lewenstein, 2005].
Some work has even uncovered negative relationships between knowledge and
attitudes of support for topics like biofuels [Cacciatore, Scheufele, Binder et al.,
2012].

   Although scholars have critiqued the deficit model as simplistic and called for more
nuanced approaches [Simis et al., 2016; Sturgis and Allum, 2004], they have stopped short
of disputing the importance of knowledge as a key factor both in public attitudes toward
science and democratic processes of technologically-demanding modern societies [see also
Brossard and Shanahan, 2006]. Knowledge as a construct is complex since it is more than
just a matter of accurate understanding [Mondak and Davis, 2001]. Individuals may have
varying levels of information or misinformation, the latter of which is not necessarily
reflected in most typical knowledge assessments. Inequalities in scientific knowledge,
particularly between different socio-economic groups [Tichenor, Donohue and Olien,
1970], are the subject of increasing attention [Cacciatore, Scheufele and Corley, 2014;
Gustafson and Rice, 2016; Su et al., 2014; World Economic Forum, 2011]. As such, a better
understanding of how factual science knowledge has been conceptualized and
operationalized is overdue.


   
2     Objective

Determining consistent measurement scales is one of the most important research
                                                                             
                                                                             
challenges in knowledge scholarship [Rich, 1991], including within the discipline of
science communication. Recognizing this importance, scholars have conducted
comparisons of factual knowledge indicators — typically objective true/false items —
with measures of self-reported understanding, or subjective knowledge. Such work has
revealed that, despite some studies using these measures interchangeably, each are unique
constructs, that while weakly correlated, impact public attitudes differently [Ladwig et al.,
2012; Su et al., 2014]. These findings fit with scholarship that suggests individuals tend to
overestimate their abilities both socially and intellectually [Kruger and Dunning, 1999],
leading to artificially high levels of perceived understanding. This divergence between
objective and subjective knowledge is robust and has been studied in multiple scientific
contexts including genetically modified organisms (GMOs) [Rose et al., 2019],
nanotechnology [Su et al., 2014], and energy technology risks [Stoutenborough and
Vedlitz, 2016].

   Beyond comparisons between factual and subjective knowledge, some scholars have
pointed attention toward subtler differences that may be impacting knowledge assessment
[e.g. Taddicken, Reif and Hoppe, 2018]. Most public opinion scholarship that
incorporates a measurement of factual knowledge asks participants’ responses to a
series of true/false indicators. It has been noted that publications often fail to
adequately describe the measurement and recoding efforts associated with such
knowledge items [Taddicken, Reif and Hoppe, 2018]. Various operationalizations of
science knowledge exist, and each can be useful depending on the situational
context and research goals. Some researchers may be interested in measuring
confidence in understanding, while others may be focused solely on accuracy. As
such, depending on the research goals, some measurements may be beneficial,
while others may be limiting. For example, the National Science Board (NSB)
conducts a biennial survey which contains a set of items to test American’s science
understanding using a 5-point true/false scale (Definitely True, Likely True, Likely False,
Definitely False, or Don’t Know) [National Science Board, 2018] that can be found in
many public opinion studies [e.g. Allum, Sibley et al., 2014; Yang et al., 2017].
Similarly, the General Social Survey (GSS), conducted by NORC at the University of
Chicago, asks respondents similar questions using a 3-point true/false scale (True,
False, or Don’t Know) [Smith et al., 2019]. This scale is also popular among social
scientists [e.g. Bauer, Petkova and Boyadjieva, 2000; Ho et al., 2017; Rose et al.,
2019].

   In an attempt to address the variation in knowledge scales, Taddicken, Reif and Hoppe
[2018] tested different operationalizations of factual science knowledge by recoding survey
responses into scales that are used interchangeably in studies. They found that the 5-point
scale — the one employed by the NSB — measured an additional integration of
confidence in one’s knowledge relative to the GSS’s 3-point scale, or a binary
scale (True or False), the latter two of which primarily indicated accuracy. Yet,
they acknowledged that recoding the variables after data collection limited their
conclusions and called for future experimental research to expand upon their
findings.

   In response to that call, we experimentally test American responses to factual
science knowledge questions using the commonly employed 3- and 5-point
scales.1
With this approach, we focus not only on whether one response scale results in greater or
fewer correct answers than the other on a battery of seven factual science knowledge
                                                                             
                                                                             
questions, but also whether the distinct response scales differentially influence a
participant’s propensity to guess at or admit ignorance of the correct responses. There
are reasons to expect a different distribution of correct and incorrect responses
between the two scales, although, to the best of our knowledge, such an analysis
has not been undertaken. Most notably, we anticipate that the leaning options
(“Likely true” and “Likely false”) of the 5-point scale present a more inviting
opportunity for respondents to guess at the correct response when they are unsure.
Lacking the same opportunity to cautiously choose a response, we expect those
exposed to the 3-point scale to opt toward the “Don’t know” option when they are
not confident in the correct answer. Despite this thinking, the lack of empirical
evidence to support our expectations leads us to offer the following research
questions:
     
	
RQ1:
	 Will the distribution of correct responses to seven factual knowledge items
     differ  based  on  whether  respondents  answered  on  a  3-  or  5-point  response
     scale?
     
	
RQ2:
	 Are there patterns in responses to individual items based on assignment to
     the 3- or 5-point response scale?


   Most public audiences today acquire information about science from online media
[National Science Board, 2018]. Specifically, individuals rely on news media for
information and analysis of science topics which are considered complex, such as
nanotechnology, fracking, and synthetic biology [Anderson et al., 2014; Brossard, 2013; Yeo
et al., 2017]. Research in new online technologies analyzes a theorized digital divide, or a
disconnect between those individuals who have access to the internet and online
resources, with those who do not [van Dijk, 2006; Warschauer, 2004]. The impact of this
digital access can create unequal technology skills and social benefits [van Dijk, 2017].
Research finds that media consumption is an important factor in numerous variables such
as civil participation [Shah, Rojas and Cho, 2009] or pro-environmental behaviors
[Holbert, Kwak and Shah, 2003]. Less clear, however, is whether one’s science
media attention might interact with our knowledge response scale manipulation,
resulting in higher or lower knowledge scores. Therefore, we offer a final research
question:
     
	
RQ3:
	 Will an individual’s attention to science media result in different distributions
     of correct responses based on their assignment to the 3- or 5-point response
     scale?



   
2.1     Correlates of knowledge

                                                                             
                                                                             
Americans differ substantially in terms of their levels of factual science knowledge and
many studies find differences based on demographics. For example, survey results
consistently reveal gaps in factual science knowledge between men and women [e.g.
Brossard and Nisbet, 2007]. Mondak and Anderson [2004] specifically looked at this gap in
political knowledge, where men typically are found to have higher levels of political
knowledge and discovered that this finding is partially an artifact of men’s propensity
to guess on questions. Similarly, the Pew Research Center found that men, on
average, scored higher on science knowledge questions than women, even after
controlling for education levels [Funk and Goo, 2015]. Meanwhile, the Science and
Engineering Indicators from National Science Board [2018] suggest these differences
depend on the specific questions selected; men performed better than women on
physical science questions, but the gap narrowed for questions about biological
sciences.

   In addition to sex, other demographic characteristics (education, race and ethnicity,
political ideology, and religious beliefs) have been associated with factual science
knowledge. Unsurprisingly, the level of formal schooling and the number of science and
math courses taken is positively related to factual knowledge of science [Funk
and Goo, 2015]. Further, the combined results of the biennial NSB survey data
from 2006 to 2016 revealed systematic differences in factual science knowledge
scores by race and ethnicity. Specifically, White respondents scored the highest
compared with Hispanic, Black, and other minorities across all education levels
[National Science Board, 2018]. Additionally, Nisbet [2005] found that while science
awareness was positively related to research support, religious beliefs were negatively
associated with that same dependent variable. Finally, political ideology has played a
well-established role in support of, or belief in, contentious partisan-divergent
scientific topics such as climate change, evolution, and stem cell research [Mooney,
2007]. As the literature noted above suggests, demographics and individual value
predispositions correlate with science knowledge. Since the focus of our analysis is how
response scales impact knowledge scores, we control for these demographics
and value predispositions that have been found to correlate with knowledge
levels.


   
3     Method


   
3.1     Survey data

Data were obtained through an experiment embedded in an approximately 15-minute
online survey. The survey was fielded in October 2018 with participants enrolled in
Qualtrics opt-in online panels. Qualtrics partners with online market research panel
                                                                             
                                                                             
providers to select survey respondents [The American Association for Public Opinion
Research, 2016]. Participants were selected to meet a quota representative of the 2013
U.S. Census American Community Survey for age, sex, and geographic region variables.
People with relevant backgrounds who had already agreed to participate in the research
were contacted through email, text, or Qualtrics panel real-time software and offered
incentives to participate in the survey.

   The survey had a completion rate of 99.2%; 1,543 individuals started the survey and
1,530 completed it. Since Qualtrics invites participants through multiple avenues,
including their real-time software, we do not know how many individuals received an
invitation to participate. Therefore, a response rate cannot be calculated.


   
3.2     Experimental design and measures

This study employed a between-subjects experimental design that assigned respondents
to one of two conditions. In both conditions, respondents answered seven general
textbook scientific knowledge questions from the Oxford Scale if Science Literacy [Allum,
Sturgis et al., 2008]. The Oxford Scale is designed to generally distinguish an
individual’s relevant science knowledge. In one condition (N=755), responses
were recorded on a 5-point response scale (appearing as: Definitely True, Likely
True, Likely False, Definitely False, Don’t Know); in the other condition (N=775),
responses were recorded on a 3-point scale (appearing as: True, False, Don’t Know).
Thus, our experimental manipulation variable (Response Scale) refers to whether
a respondent was randomly assigned to the 3-point scale (coded as ‘0’) or the
5-point scale (coded as ‘1’). To ensure proper comparisons in our analyses, we
recoded the 5-point scale by combining the two true categories and the two false
categories.

   Distribution of Correct Responses was measured using the following seven Oxford Scale
items from the 2018 NSB report: “The center of the Earth is very hot (True),” “The
continents have been moving their location for millions of years and will continue to move
(True),” “All radioactivity is man-made (False),” “Electrons are smaller than atoms (True),”
“Lasers work by focusing sound waves (False),” “It is the father’s gene that decides
whether the baby is a boy or a girl (True),” and “Antibiotics kill viruses as well as
bacteria (False).” These items were summed for an overall measure of knowledge in
which the number of correct responses ranged from zero to seven for both the
3-point (M = 3.85, SD = 1.80) and the 5-point scale (M = 3.86, SD = 1.75). These two
overall measures were also combined to create a measure of complete knowledge
regardless of scale (M = 3.85, SD = 1.78). It is worth noting that the 2018 NSB report
relied on 10 total knowledge items. However, we did not ask respondents the
item “Does the Earth go around the Sun, or does the Sun go around the Earth
(Earth around Sun)” because it was not posed using the same true/false scale and
we did not ask the items “The universe began with a huge explosion (True)”
and “Human beings, as we know them today, developed from earlier species of
animals (True)” as these items are often tied to one’s religious beliefs [Pasek,
2018].
                                                                             
                                                                             

   Sex was a nominal variable (male = 48.4%; female = 51.6%). We assessed respondents’
race as a nominal variable then we recoded it into a White (71.4%) versus other (28.6%)
variable. Education was measured by asking the number of years of formal education the
respondent had completed (M = 14.0, SD = 4.57). Age was measured as a ratio variable (M
= 47.6, SD = 16.76).

   Religiosity was measured by asking respondents to report “how much guidance
religion provides in your everyday life” on a 7-point scale from 1 = “No guidance at all”
to 7 = “A great deal of guidance” (M = 4.80, SD = 2.13). Conservative ideology
was assessed by asking respondents to report their political ideology on both
social and economic issues. The two items were measured on 7-point scales, with
“1” indicating “Very liberal” and “7” indicating “Very conservative” and were
then averaged together into a single variable (M = 3.77, SD = 1.76, Pearson’s r =
.83).

   Attention to science media was measured with a total of six items that probed a
respondent’s attention to science and technology information in newspapers, on
television, and online. Using scales ranging from “1” (“None”) to “7” (“A lot”),
respondents were asked how much attention they pay to (a) “Stories related to
science and technology” and (b) “Stories about scientific studies in new areas of
research” when they used each of the following three mediums: newspapers (either
in print or online), television (either traditional television or online television
sources such as Hulu or websites of television networks), and online sources
(blogs and websites, excluding social networking sites). Responses to the six items
were averaged together into a single index (M = 4.51, SD = 1.73, Cronbach’s
α =
.95).


   
4     Analysis

The analysis was conducted using IBM SPSS Statistics 26. We used cross-tabulations
to test the distribution of correct responses for both the overall distribution of
knowledge responses index and the individual knowledge response measures.
Additionally, we relied on hierarchical ordinary least squares (OLS) regression
models to test the effects of the response scale manipulation on the distribution
of correct responses after controlling for a host of other factors that have been
known to correlate with the distribution of correct responses (sex, white, age,
religiosity, and conservative ideology). Three regressions — one predicting the
distribution of accurate answers on the full battery of response items, one predicting
just the items having “true” as the correct response, and one predicting those
items having “false” as the correct response — were run. Variables were entered
in blocks (demographics, value predispositions, media use, knowledge scale
manipulation) to determine their relative explanatory power. Interactions were created
by multiplying standardized versions of the main effects variables to prevent
multicollinearity between the interaction term and its component parts [Cohen et al.,
2003].
                                                                             
                                                                             


   
5     Results

First, we examined whether the overall distribution of correct responses differed
based on assignment to the 3- or 5-point knowledge response scale (RQ1). The
results showed very similar distributions of correct responses and the chi-square
test for independence indicated no significant difference between the two scales
(χ2(7,
1530) = 10.32, p = .171), although the Bonferroni test comparing column proportions — a
post hoc test — did note a significant difference in the percentage of people getting 4 items
correct between the two scales (see Table 1).
   

                                                                             
                                                                             
   


                                                                             
                                                                             
 Table 1: Distribution of correct response scores based on assigned condition (N =
1,530).
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   Next, we tested the effects of the response scale manipulation on knowledge while
controlling for a host of known predictors of it. The results of the regression model
predicting the full knowledge battery can be found in the first reported data column of
Table 2. As the table shows, White and older respondents and those with higher reported
levels of education all performed better on our 7-item knowledge scale. Also, religiosity
was negatively related to knowledge, while science media attention was positively
related to the dependent variable. Most importantly, the response scale provided
to respondents did not impact knowledge levels. Also, of note, the interaction
between the response scale and science media attention did not achieve statistical
significance.
   

                                                                             
                                                                             
   


                                                                             
                                                                             
 Table 2: Regressions predicting scores on (a) the full 7-item knowledge battery (“All
Items”), (b) the four knowledge items for which “true” is the correct response (“True
Items”), and (c) the three knowledge items for which “false” is the correct response
(“False Items”) (N = 1,530).
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   Next, we turned attention to each of the individual knowledge items rather than the
summative scale. We were curious to see if there were any significant differences in response
distribution across individual items based on the response scale offered, and if so, whether
there might be patterns in which items had significant differences. While we did not find
any significant chi-square differences in the distribution of correct or “Don’t know”
responses across any of the individual items (RQ2), we found statistically significant
differences in distributions of incorrect responses across two of the seven items (see Table
3).2
Specifically, a significant chi-square was found for the items “All radioactivity is man-made”
(false; χ2(2,
n=1530) = 11.69, V = .087, p = .003) and “Antibiotics kill viruses and bacteria” (false;χ2(2,
n=1530) = 7.34, V = .069, p = .026), with respondents in the 5-point scale condition
providing significantly more incorrect responses (26.2% compared to 19.2% and
52.3% compared to 45.4%, respectively). It should be noted that the effect size of
each significant result was small. Overall, this reveals that while there were no
significant overall chi-square differences in response distributions across any
of the four items where “true” was the correct response, there were significant
chi-square differences for two of the three items where “false” was the correct
response.
   

                                                                             
                                                                             
   


                                                                             
                                                                             
 Table 3: Distribution of responses on the individual knowledge items (N = 1,530).
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   We speculated that audiences might be impacted by the response scale offered, but that
it primarily reveals itself for specific knowledge items (i.e., those items for which “false” is
the correct response). We thus divided our summative knowledge scale based on the
correct responses of the individual knowledge items. This left us with two new
scales. Since there were four knowledge items for which “true” was the correct
response, they were summed to create an overall measure, the “true scale,” in
which the number of correct responses ranged from zero to four (M = 2.55, SD =
1.24). The second knowledge scale consisting of the three knowledge items for
which “false” was the correct response (the “false scale”), measured on a scale
from zero to three (M = 1.30, SD = 1.06). We then replicated the regression we
ran earlier on the entire knowledge battery for both the “true” and the “false”
scales.

   The results of the regressions on the “true” and “false” scales can be found in the
second and third data columns of Table 2. First, it is worth noting that the results
presented for the “true” and “false” scales generally replicated those present in the overall
knowledge scale. For example, across all three regressions, education and science media
attention positively predicted knowledge scores, while religiosity negatively predicted
knowledge. Most importantly, however, we find a significant impact of the response scale
on knowledge for our “false” items battery. Those exposed to the 5-point scale performed
significantly worse than those exposed to the 3-point scale on the three “false”
items.

   In addition, the interaction between response scale and science media attention
emerged as significant when examining the “true” scale knowledge measures. This
finding is plotted using an ANOVA with a dichotomized attention to media variable (see
Figure 1). Among low science media attention respondents, the response scales had no
impact on knowledge levels. However, those who pay greater attention to science media
performed significantly better when they were provided the 5-point rather than 3-point
response scale (RQ3).
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Figure 1:  Interaction  between  Knowledge  Response  Scale  Manipulation  and
Science  Media  Attention  on  “True”  Knowledge  Scale  (N  =  1,530).  The  error  bars
represent the 95% confidence interval.

                                                                             
                                                                             
   



   6     Discussion

The present study examined potential differences in factual science knowledge levels by
comparing two different knowledge response scales. We found that the use of 3- or
5-point response scales did not matter once all seven knowledge items of the
Oxford Scale were summed to create an index. While this suggests that response
scale choice failed to impact the distribution of correct responses — a positive
consideration for social scientists — a different story emerged when (a) examining the
distribution of responses of the individual knowledge items, (b) investigating indices
of items that have been grouped based on having the same “true” or “false”
answer, and (c) exploring response scale’s impacts on unique sub-groups in the
population.

   Beginning with the first of these factors, we found significant differences in
the distribution of incorrect responses based on the scale for two of our seven
individual questions (“All radioactivity is man-made” and “Antibiotics kill viruses as
well as bacteria”). Notably, the pattern was the same between both these items
with the 5-point scale resulting in more respondents getting the items incorrect.
Further, these findings occurred for two of the three items for which “false” was the
correct response. Based on this pattern, it may be that individuals were more
likely to guess “true” when they were unsure about an item and the 5-point
scale provided a safer guess by offering the hedging position (“Likely True”), a
pattern that emerged most often when the correct response was “false.” In other
words, the additional option of “Likely True” appeared to offer a comfortable
alternative to “Don’t Know” when one was unsure about the correct response to a
question.

   Indeed, there was evidence supporting this hypothesis when examining the overall
distribution of responses across the individual knowledge items. Across all seven of the
items, the percentage of people who selected “Don’t know” was higher among those in the
3-point than the 5-point scale condition. Thus, respondents appeared more likely to admit
that they “Don’t know” when they were presented the 3-point rather than the 5-point
knowledge response scale. For example, for the statement “Lasers work by focusing sound
waves,” for which the correct answer was “false,” 32.3% of individuals selected the “Don’t
know” response on the 3-point scale, compared to 28.3% on the 5-point scale.
The differences never quite achieved statistical significance as the 3-point scale
generally resulted in only about 2–4% more “Don’t know” responses, but the pattern
was consistent across all seven of the knowledge items. Further, when looking
at the percentage of correct responses for the items where “true” was the right
answer, we found that the 5-point scale outperformed the 3-point scale in all four
cases. Conversely, if looking at the percentage of correct responses for the items
where “false” was the right answer, the 3-point scale outperformed the 5-point
scale across all three of those items. These patterns suggest that a small group of
people were more willing to hazard a guess when they were presented the 5-point
response scale, and in those situations, they tended to guess that the answer was
                                                                             
                                                                             
“true.” Once again, the differences were rather small, typically no more than
2–4%, but they were consistent across all seven of the individual knowledge
items.

   While these small, and statistically non-significant patterns may seem unimportant,
they became impactful when individual items were combined in the form of summative
knowledge indices. This is best demonstrated in the regression analysis we ran on the
grouped set of “false” knowledge items. Here we found a main effect of response
scale such that those exposed to the 5-point scale performed significantly worse
than those exposed to a 3-point scale for the items where “false” was the correct
response. In other words, the small differences across individual items became
impactful when those items were grouped together to create an index. As such, the
question of how knowledge is measured becomes an important area for future
research.

   But again, why should we care if these patterns were present only among items with a
“false” response since they appeared to be canceled out in the overall summative
scale? Although the overall summative knowledge index was not significantly
impacted by the response scale manipulation, the fact that two of the individual
items were significantly different depending on if the respondent received a 3- or
5-point scale, and the general pattern concerning when people were willing to
either admit ignorance or guess at an answer suggest that researchers must be
careful when deciding which knowledge items to include and which scale to use
when building surveys. The lower percentage of “Don’t know” responses in the
5-point condition than the 3-point condition indicated that the 5-point scale may
encourage guessing when respondents are uncertain of the correct response.
Meanwhile, the 3-point scale seemed to encourage a more honest “Don’t know”
response. These differences are critical since oftentimes research does not include as
many knowledge items as the present research’s seven. Often, batteries of 5, 4,
or even 3 items are utilized to assess knowledge [Ahern, Connolly-Ahern and
Hoewe, 2016; Allum, Sturgis et al., 2008], due to their convenience for survey
participants and concerns about the length of data collection. Therefore, the selection of
specific questions, a particular response scale, and whether an item has a “true” or
“false” answer, carry heavy consequences. As such, we argue that the selection of
items for measurement should be a strategic act and consider the goals of the
researchers.

   Also, of note, we found evidence that sub-groups in the population might be
differently impacted by the response scale when responding to specific knowledge
questions. Our finding of the significant, positive interaction between response scale and
science media attention for the “true” knowledge scale suggests that those who frequently
consume science media were more likely to accurately guess for those items where “true”
was the correct response and when the 5-point scale was provided. This tendency
might be linked to heightened confidence among high science media consumers
concerning their understanding of science. That is, their frequent consumption of
science content through newspapers, television, and the internet may leave them
feeling like they can figure out the correct answer when they are provided an
inviting 5-point response scale that allows for leaning responses. This finding
is interesting considering our earlier review of the knowledge deficit model,
which has been criticized for being overly simplistic in its emphasis that more
information enables rational decision-making. Yet, here we find that consumption of
                                                                             
                                                                             
science content, presumably with the intent of increasing science knowledge,
was related to correct knowledge item responses when true was the accurate
answer.

   This work is not without its limitations. First, the data for this study came from a
non-probability quota sample. While a probability sample would have been preferable for
generalizing about the U.S. population at large, a non-probability quota sample is still
helpful to address the research questions found in this scholarship. It is also
worth noting that the quota sample aligned with current U.S. Census Bureau
data, giving us further confidence in its representativeness. A second limitation
concerns our choice of knowledge indicators. There is, of course, no shortage of
proposed measures for tapping into factual knowledge. From this universe of
options, we decided upon questions from the Oxford Scale. And, even within that
battery, we narrowed our selection down to seven items that shared the same
true/false response options and were less likely to be influenced by a respondent’s
religious beliefs. While this limits our ability to generalize to other knowledge
indicators, the Oxford Scale is arguably the most common factual knowledge scale
used in the social sciences [Allum, Sturgis et al., 2008]. As such, we believe these
questions are reflective of typical research in this domain. Third, while we did have
significant findings for two of the seven indicators, we should mention that the effect
size for these findings was small. As such, we must be careful about placing too
much weight on their statistical significance. Additionally, we recognize that
this study may have been overpowered with 1,530 participants split among two
experimental conditions, although we also believe that the consistency of the findings
speaks to very real patterns in how audiences respond to the two knowledge
scales.

   One path for future research would be to add more conditions to this analysis. We
chose not to include a third option — the binary true/false scale that lacks the ‘Don’t
know’ option — as it does not offer respondents the opportunity to admit ignorance.
Previous scholarship has advised social scientists to avoid restricted-choice questions for
measurements of factual knowledge [Sturgis, Allum et al., 2005]. This analysis was
primarily interested in the role that the leaning options (“Likely true” and “Likely false”)
play in one’s propensity to guess at a correct response or admit ignorance. As the binary
true/false scale lacks both leaning options and an opportunity to admit ignorance, it was
deemed outside the scope of our primary research interests. Yet, with that choice we also
lost additional comparisons. Future research should explore how true/false choice items
impact knowledge distributions, particularly considering some of the patterns
uncovered in the present analysis. Finally, we recognize that the order in which the
items appeared on the scales may have influenced responses. Across both of our
conditions, our knowledge questions presented the true option(s) first, followed by
the false option(s), with the “Don’t know” option presented last. It is possible
that presenting the false option(s) before the true option(s) could impact the
distribution of responses, as might moving the location of the “Don’t know”
category.

   This research built on previous scholarship by Taddicken, Reif and Hoppe [2018],
which identified that knowledge is a nuanced construct for which determining
appropriate measurements is challenging. Our findings show there can be advantages of
using one scale over the other. While the 5-point scale allowed individuals to express
certainty in their response, it also appeared to encourage guessing, if only among a small
                                                                             
                                                                             
subset of respondents. Conversely, the 3-point scale may offer more of an understanding
of levels of ignorance, but without the nuanced understanding of how confident
respondents are in their knowledge. Since these are different ideas, we offer that
scholars must question what they are trying to learn with their measurement of
knowledge to help determine which scale may offer the most representative and valid
data.
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Endnotes

                                                                             
                                                                             
         1We chose not to include a third option — the binary true/false scale that lacks the ‘Don’t know’
option — as it does not offer respondents the opportunity to admit ignorance, thereby increasing the
likelihood of a false positive due to guessing.

        2It is worth noting that although the overall chi-square test was not significant, the post hoc Bonferroni
test comparing column proportions indicated a significant difference in the distribution of “Don’t know”
responses between the 3- and 5-point scale conditions for the item “The continents have been moving their
location for millions of years and will continue to move (true).” Similarly, there was a non-significant overall
chi-square test, but a significant post hoc Bonferroni test comparing scale conditions between the incorrect
responses for the item “Lasers work by focusing sound waves (false).” These findings are reflected in Table
3.                                                                                                                                                                                
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table-0003.png
3-Point 5-Point Overall
Scale Scale Significance
) o Pearson
Knowledge Item Overall 1;“ eaning - Definite Overall | Chi-Square
esponses Responses
p-value
The center of the earth is very hot
(true)
Incorrect 11.1% 8.1% 42% 12.3% .368
Don'’t know 13.3% — — 11.1%
Correct 75.6% 27.0% 49.5% 76.6%
The continents have been moving
their location for millions of years
and will continue to move (true)
Incorrect 13.7% 7.3% 7.7% 15.0% .105
Don’t know 17.7% — — 13.8%
Correct 68.6% 31.5% 39.7% 71.3%
It is the father’s gene that decides
whether the baby is a boy or a girl
(true)
Incorrect 26.5% 10.9% 12.7% 23.6% 313
Don'’t know 19.4% — — 18.5%
Correct 54.2% 20.9% 37.0% 57.9%
All radioactivity is man-made
(false)
Incorrect 19.2% 15.0% 11.3% 26.2% .003
Don'’t know 22.8% — — 18.9%
Correct 57.9% 21.1% 33.8% 54.8%
Electrons are smaller than atoms
(true)
Incorrect 21.4% 11.8% 9.5% 21.3% .303
Don'’t know 27.2% — — 24.0%
Correct 51.4% 25.0% 29.7% 54.7%
Antibiotics kill viruses and bacte-
ria (false)
Incorrect 45.4% 29.9% 22.4% 52.3% .026
Don'’t know 13.4% — — 11.4%
Correct 41.2% 12.2% 24.0% 36.3%
Lasers work by focusing sound
waves (false)
Incorrect 32.1% 24.9% 12.1% 37.0% .100
Don’t know 32.3% — — 28.3%
Correct 35.6% 13.0% 21.7% 34.7%
N 775 755

Notes:

(1) Significant differences in the overall distribution of responses between the 3- and 5-point scale
are indicated by the last column, the “Pearson Chi-Square p-value.” Significant differences in the
Bonferroni test of incorrect, don’t know, and correct responses between the 3- and 5-point scales
are indicated by bolded text.

(2) For the 5-point scale, the information in the “Leaning Responses” column can be added to the
information in the “Definite Responses” column to arrive at the values in the “Overall” column.

(3) As an example to better interpret the table above, a respondent would be in the “Incorrect” row
and the “Leaning Responses” column if they chose “Likely True” for an item where false was the
correct response (or if they chose “Likely False” for an item where true was the correct response),
while a respondent would be in the “Incorrect” row and the “Definite Responses” column if they
chose “Definitely True” for an item where false was the correct response (or if they chose “Defi-
nitely False” for an item where true was the correct response).
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table-0001.png
Knowledge Score  3-point scale

5-point scale

0 4.8% 6.0%
1 6.2% 4.6%
2 11.1% 9.4%
3 18.2% 15.9%
4 24.1% 29.7%
5 15.7% 16.0%
6 12.8% 12.6%
7 71% 5.8%
Total 100.0% 100.0%
N 775 7565

Note: significant differences are indicated by bolded text.





table-0002.png
Knowledge Scale

All Items  True Items  False Items

Block 1: Demographics

Sex (female coded high) -.01 -.02 01

Race (White = 1; non-White = 0) A3 5% .03

Education NG J0#** J10#**

Age 6% .03 Viiddd
Inc. R? (%) 8.7% 5.9%% 7.2%%%
Block 2: Value Predispositions

Religiosity - 19*** -.09** =23

Conservative Political Ideology .03 .00 .05*
Inc. R? (%) 2,30 0.3 4.4
Block 3: Media Attention

Science Media Attention 18*** 20%** .06*
Inc. R? (%) 2.7%%% 3.6%% 0.3*
Block 4: Experimental Condition

Response Scale (5-point coded high) -01 .03 -.05*
Inc. R? (%) 0.0 0.1 0.3*
Block 5: Interactions

Scale X Science Media Attention 01 .05* -.04
Inc. R? (%) 0.0 0.3* 0.1
Total R? (%) 13.8 10.1 12.3

Notes: (1) *p < .05, **p < .01, **p <.001;

(2) Cell entries are standardized regression coefficients, except for those in Block 5,
which are before-entry standardized regression coefficients.






