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Abstract

Roush and sood (2023) use a dataset of 162,083 responses to 187 items on 47 surveys to
find that partisan gaps are smaller and less frequent than commonly understood. The av-
erage is a mere six and a half points and gaps’ “signs” run counter to expectations roughly
30% of the time. However, one exception is the size of gaps on retrospection items on
the ANES, which are considerably bigger. These retrospection items use vague response
options, e.g., ’About the same.” Using a novel experiment, we find that questions featur-
ing vague response options allow individuals to interpret potential answers through their
own biases, inflating gaps’ magnitudes. Our findings suggest that knowledge gaps—when
they do exist—stem more from motivated responding than genuine differences in factual
knowledge.

*Replication materials posted at: https://github.com/soodoku/unclear_gap
fcarolyn.roush@gmail.com
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Data from Roush and sood (2023) suggest that partisan knowledge gaps are highly vari-
able, and that large differences in what Democrats and Republicans believe are less common
than what many assume. If partisan gaps are small on average, why does the common wisdom
that Democrats and Republicans differ substantially in political knowledge persist?

One explanation for this discrepancy is that conventional wisdom is largely based on
studies using data from the American National Election Studies (N.d.). But there may be good
reason to think that the gaps in the ANES data are not representative of broader trends in par-
tisan knowledge differences. Unlike most knowledge questions—which require partisans to
identify an objectively correct answer—most ANES questions about party consequential “fac-
tual beliefs” do not ask respondents to do the same. Instead, these questions ask respondents
to make subjective assessments about performance or policy over a certain time period. Canon-
ical ANES questions, for example, ask people to gauge whether the budget deficit increased,
decreased, or remained about the same over a president’s tenure, or how the rate of inflation
changed over the past year. Because the response options for these questions—“got better,”
“stayed about the same,” or “got worse”—are imprecise, people have a greater opportunity to
interpret the meaning themselves (e.g. Beyth-Marom 1982) using common heuristics, includ-
ing partisanship (e.g. Sood and Guess 2017). As a result, a large partisan “knowledge” gap
may reflect how partisans interpret response options rather than a true difference between
what Democrats and Republicans know.

This is particularly problematic for cases where changes in inflation, unemployment,
the deficit, or other performance items are marginal. While there are certain contexts—such
as a stock market crash—where unambiguous evidence forces partisans to acknowledge the
same economic reality (e.g. Bisgaard 2015; Parker-Stephen 2013), far more survey questions
are asked in times when performance indicators change gradually over time. When researchers
ask respondents to classify these changes in performance indicators using vague response op-

tions, it opens the door for partisan bias even if individuals know the same objective informa-



tion. Consider the case of two highly knowledgeable survey respondents (who perhaps work
in the Bureau of Labor Statistics) who know definitively that the national unemployment rate
in the United States grew from 4.0% to 4.2% over the past year, a time during which a Repub-
lican president occupied the White House. When the first respondent, a Democrat, is asked
to evaluate how unemployment changed over the past year, she might (correctly) reason that
unemployment “got worse” as the rate objectively increased over the previous 12 months. On
the other hand, the second survey respondent, a Republican, might also (reasonably) conclude
that 0.2 percentage points is a negligible change in unemployment, and might therefore be
more liable to answer that the unemployment rate “stayed about the same” over the past year.
In this situation, two people who know the exact same fact could plausibly choose two different
response options and still be correct. The end result is that some “knowledge gaps” may be
artificially large simply because respondents interpret the same response categories differently.

To test this hypothesis, we first examined the average size of partisan knowledge gaps
that occur in ANES data and compared them to the average partisan gaps in other studies. To
do so, we relied on the data compiled by Roush and sood (2023): all knowledge items that
carry a partisan implication that appeared on ANES surveys over the past 32 years.

Table 1 compares partisan gaps on ANES items to those included in the other studies in
our analysis. As expected, the mean and median gaps on ANES knowledge items are substan-
tially larger than those in the other three studies. In fact, the mean partisan knowledge gap in
the ANES data (17 percentage points) is more than 50% larger than the largest average gap
in any other study (10 percentage points, from Bullock et al. (2015)). Futhermore, only two
of the 28 items taken from ANES surveys produce negatively-signed partisan gaps, and only
five of these items produce knowledge gaps that are not statistically significant at the 95%
confidence level. While the sample size of questions taken from the ANES is small, it is clear
that the partisan gaps produced from these items are markedly larger.

Our hunch is that these large gaps are a result of vague response categories that allow



Study Mean Gap Median Gap SD N(Items)

ANES 0.168 0.139 0.139 28
Bullock et al. 0.104 0.089 0.119 21
Jerit & Barabas 0.036 0.032 0.091 128
Prior et al. 0.063 0.035 0.093 10

Table 1: Partisan Gap by Study

partisans to classify the same information in different ways. To test this hypothesis, we con-
ducted an original experiment using Amazon’s Mechanical Turk (MTurk) in June 2020. In the
study, we provided all respondents with a question prompt that featured real economic infor-
mation about the change in the inflation and unemployment rates during 2016. ! In addition
to providing this information, we randomly assigned respondents to one of two treatments:
one that attributed these changes to then-Democratic President Barack Obama and the other
that attributed the changes to the Republican-controlled Congress. We then asked respondents
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to classify these changes using the canonical ANES response categories (“got worse,” “stayed

about the same,” or “got better”). The specific treatment was as follows:

During 2016, (when Barack Obama was president | when Republicans were in control
of both Houses of Congress), unemployment decreased from 5.0% to 4.8%, a change
of 0.2 percentage points. How would you interpret this change? Would you say that

unemployment got better, stayed about the same, or got worse?

In 2016, inflation also decreased from 2.1% to 1.9%, a change of 0.2 percentage
points. How would you interpret this change? Would you say that inflation got better,

stayed about the same, or got worse?

Since prior research demonstrates that partisans evaluate economic conditions favor-

ably when their own party is in power and unfavorably when the other party is in power (e.g.

IThis information was collected from the U.S. Bureau of Labor, available at https://

data.bls.gov/timeseries/1ns14000000.
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Bartels 2002; Bisgaard 2015), we expected respondents to classify objective economic infor-
mation differently depending on the partisan cue they received. Specifically, we expected that
partisans would be more likely to classify a 0.2 reduction in the unemployment or inflation
rates as having “got[ten] better” under co-party leadership and as having “stayed about the
same” (or “got[ten] worse”) under the opposing party’s leadership. For ease of interpretation,
we recoded the data so that treatments and respondents are characterized in relation to one
another: we classified Democrats who saw the President Obama cue and Republicans who
saw the Republicans-in-Congress cue as receiving an In-party cue and Democrats who saw the
Republicans-in-Congress cue and Republicans who saw the President Obama cue as having
received an Out-party cue).>

Figure 1 presents the distribution of responses by experimental conditions for both de-
pendent variables. As we can see, partisans classify a small, 0.2 percentage point change in
unemployment or inflation very differently depending on the party to which the change was
attributed. Respondents who received the Out-party cue were, on average, 21.5 percentage
points less likely than those receiving the In-party cue to view the reduction in the unemploy-
ment rate as having “got[ten] better” during 2016. Respondents who received the Out-party
cue were about 18 percentage points less likely than In-party cue respondents to classify the re-
duction in the unemployment as “stayed about the same.” We find similar results for inflation,
albeit with somewhat smaller effects: those who received the Out-party cue were approximately
16 percentage points less likely than those who received the In-party cue to classify the 0.2 re-
duction in inflation as having “got[ten] better;” those who received the Out-party cue were also
13.6 percentage points more likely than In-party cue-receivers to classify the change as “stayed

about the same.”

2Consistent with previous research (e.g., Keith et al. 1992), we classify Independent leaners

as partisans.



Figure 1: Distribution of Dependent Variables by Experimental Condition
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We also estimated two regression models predicting evaluations of unemployment and
inflation (where 1 = “got better,” 0.5 = “stayed about the same,” and 0 = “got worse”) as a
function of whether or not respondents received the Out-party cue. The results of this analysis

can be found in Table 2. Consistent with the results in Figure 1, partisans who received the

3In recent years, researchers have noted that significant portions of the data collected on
MTurk is of questionable quality, provided either by respondents who provide misleading in-
formation regarding the location from which they are completing a HIT or who provide hu-
morous or insincere responses to survey questions (e.g., Ahler, Roush and Sood 2020; Ama-
zon Mechanical Turk 2019; Bai 2018; Dreyfuss 2018; Kennedy et al. 2020; Ryan 2018). As
demonstrated by Ahler, Roush and Sood (2020) and Kennedy et al. (2020), these bad actors
can attenuate treatment effects by introducing noise into the data. Accordingly, we followed

the recommendations of Ahler, Roush and Sood (2020) and Kennedy et al. (2020) to iden-



Out-party cue were less likely than respondents who received the In-party cue to view (norma-
tively positive) reductions in unemployment and inflation favorably. Specifically, those respon-
dents who were told that an out-party leader oversaw the reduction in the unemployment rate
viewed the change 12.5 percentage points less favorably than those who received the In-party
cue. Similarly, respondents who received the Out-party cue viewed the reduction in the infla-
tion rate 9.1 percentage points less favorably than those who received the In-party cue. The

magnitude of these effects is sizeable.

Table 2: Impact of Treatment on Economic Evaluations

Unemployment Inflation
Out-party cue -0.125%** -0.091***
(0.020) (0.021)
Constant 0.775%** 0.720%***
(0.015) (0.015)
Observations 861 861
R-squared 0.043 0.022

Standard errors in parentheses.
***p<0.01, **p<0.05, *p<0.1, two-tailed.
All variables have been rescaled 0-1 for ease of interpretation.

Our results suggest that a significant portion of partisans’ disagreement about the “ac-

tify these suspicious responses and only present results among non-suspicious respondents in
both Figure 1 and Table 2 (n=861). Consistent with previous research, we find that suspicious
respondents attenuated treatment effects. Nevertheless, we still find impressive effects when
including suspicious respondents in our analysis: among the full sample (n=1,425), receiv-
ing the Out-party cue causes respondents to view the change in unemployment 9.6 percentage
points more negatively and the change in inflation 6.0 percentage points more negatively than

those respondents who received the In-party cue. For more information, please see SI 2.



ceptance of basic political facts, such as the state of the economy” (Berinsky 2017, 211) might
be better explained as biased interpretation of response categories rather than genuine differ-
ences in knowledge. Even when partisans are presented with the exact same factual informa-
tion, they classify it differently based upon their preexisting biases and political context (see
also Gaines et al. 2007). The fact that vague response options are common on the ANES—
perhaps the most commonly used source of public opinion data in the discipline—helps con-
tribute to the (mistaken) belief that differences in what Democrats and Republicans are large

enough to warrant serious concerns about democratic accountability.
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SI1 Question Wording from June 2020 MTurk Experiment

Switching gears, we’d like to understand how you think various measures of the economy
performed a few years ago, (when Barack Obama was president | when Republicans were in

control of both Houses of Congress).

During 2016, (when Barack Obama was president | when Republicans were in control of both
Houses of Congress), unemployment decreased from 5.0% to 4.8%, a change of 0.2 percentage
points. How would you interpret this change? Would you say that unemployment got better,

stayed about the same, or got worse?

* Got better
» Stayed about the same

* Got worse

In 2016, inflation also decreased from 2.1% to 1.9%, a change of 0.2 percentage points. How
would you interpret this change? Would you say that inflation got better, stayed about the

same, or got worse?

* Got better
e Stayed about the same

¢ Got worse
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SI 2 MTurk Data Quality and Attenuation of Treatment Ef-
fects

As mentioned previously, we followed the advice of Ahler, Roush and Sood (2020) and Kennedy
et al. (2020) to identify low-quality responses on Amazon’s Mechanical Turk (MTurk). To do so,
we first used a Qualtrics plugin to record the IP addresses from which respondents were taking
the survey. We further collected IP-level metadata and flagged any respondent who took the sur-
vey from outside the United States (as the survey was limited to American adults), completed
the survey more than once, or completed the survey from a blacklisted address as suspicious/of
potential low-quality. In order to identify respondents who may provide humorous or insincere
responses to survey questions, we also asked respondents a series of low-incidence screener
questions. These questions ask about rare afflictions and behaviors, such as whether the re-
spondent was a member of a gang, whether the respondent used a prosthetic, etc. Following
Ahler, Roush and Sood (2020) and Lopez and Hillygus (2018), we classified any respondent as
suspicious/a potential provider of low-quality data if they answered in the affirmative to two
or more of these questions. In all, we found that 38% of our data is of questionable quality.
To determine whether low-quality responses attenuate treatment effects, we estimated
four regression models in SI 2.1. For context, the first two models provide the results among
the entire sample (including low-quality responses) using the unemployment and inflation
dependent variables, respectively. The last two models include an indicator for whether the
respondent was flagged as providing a Low-quality response and an interaction term comprised
of the Low-quality response indicator and assignment to the Out-party cue condition. As we can
see, flagged respondents attenuate treatment effects for both dependent variables, but impres-
sive effects remain: even when including low-quality respondents in our data, respondents are
9.6 percentage points less likely to view the change in unemployment as having “gotten better”

and 6.0 percentage points less likely to view the change in inflation similarly under out-party
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leadership.

Table SI 2.1: Impact of Low-Quality Responses on Treatment Effects

M (2) (3) €))
Unemployment Inflation Unemployment Inflation
Out-party cue -0.096*** -0.060*** -0.125%** -0.091***
(0.015) (0.016) (0.020) (0.021)
Low-quality response 0.045** -0.022
(0.022) (0.024)
Out-party cue * low-quality response 0.076** 0.079**
(0.031) (0.033)
Constant 0.793*** 0.711%** 0.775%** 0.720%***
(0.011) (0.012) (0.014) (0.015)
Observations 1,425 1,425 1,425 1,425
R-squared 0.027 0.010 0.050 0.014
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