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Abstract

Measures of political party support are viewed suspiciously in hybrid and authoritarian regimes
where the two core indicators of political support — elections and public opinion polling — cannot be
readily trusted. More accurately, the degree of measurement error is unknown, though scholars
presume support for incumbent leaders and parties is exaggerated. This paper scrutinizes the degree
to which political opinions on Afrobarometer surveys can be trusted by re-estimating voting
preferences for 34 African countries. First, a range of demographic and interview metadata are
regressed upon vote choice to see if they systematically influence vote-preference responses. Next,
key markers of potential self-censorship are identified and used to create pools of “clean” and
“polluted” data. Clean data are used to train a machine learning model to predict voting intentions,
and then all data with self-censorship markers are recalculated. The results show that ruling party
support is broadly similar in most countries but exaggerated by more than 10 percentage points in
Sudan and Uganda and by between 5 and 10 points in Burundi, Tanzania, Togo, and Zimbabwe.
Declines in ruling party support due to self-censorship are concurrent with increases in both non-
responses and opposition party support.
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Infroduction

Accurately describing levels of support for political leaders and parties is one of the
fundamental tasks of political science. While thousands of high-quality public opinion polls
are now conducted in developed democracies each year, public support for leaders across
many countries remains uncertain. Political scientists presume that support for leaders in
autocratic-leaning countries is overstated, but in which countries and to what degrees this
pro-government bias exists is unclear. Because of this uncertainty, scholars may be over-
confident when assessing the degree of bias in non-democracies. Whether President Putin’s
approval rating is being overstated by 5% or 50% has significant implications (Wintrobe, 2000).
The former suggests that, while there is some bias within public opinion surveys, Russians are
truly supportive of their president by a meaningful majority.

In less-studied countries, there is an intense debate over the degree to which high-quality,
independent public opinion polling captures reality when it comes to sensitive political
qguestions and how to best compare such findings to the Western context, where polling is
ubiguitous and preference falsification is considered low. The Afrobarometer project
represents arich resource to better understand political attitudes and behaviour on the
African confinent, with around a quarter of a million responses collected over two decades.
Like public opinion polling from other world regions, respondents are systematically asked
about their partisan status, voting infentions, and views toward “ruling” (in power) and
“"opposition” parties.

Researchers have noted that ruling party support across the continent, including in both
democratic and autocratic regimes, seems to be consistently higher than support for leading
opposition parties. Citizens from countries with diverse historical, economic, and cultural
backgrounds may have different perceptions around democracy and the role of parties
and leaders. Furthermore, dictators are not incentivized to apply repression and fear tactics
when they are not threatened, as such actions are costly and signal weakness (Gerschewski,
2013; Schedler, 2013). Mass compliance through propaganda or actual legitimacy is not an
afterthought, but the ideal. Thus, it is unclear whether the consistent ruling party advantage
found in many African countries is valid or exaggerated.

This paper has two inter-related goals. The first is fo provide a more accurate depiction of
ruling party support on the African continent. The second is to provide context and guidance
for how researchers might think about “unbiasing” survey data on important topics of
interest. First, potential markers of self-censorship are regressed upon different types of party
support to assess their directional effects and strength. Those that correlate with greater
ruling party support are marked as probable self-censorship markers, meaning that
respondents under these conditions might not be trusted to provide their true preferences.

Next, the paper discusses various approaches to dealing with biased survey data. This paper
suggests treating data that the researcher strongly suspects as biased as data that are
“missing not at random.” With biased data removed, machine-learning fechniques provide
the most promising approach to re-estimating the missing data and providing a more
accurate depiction of party support. Using data not influenced by self-censorship markers, a
random forest algorithm is frained to predict political party support across all countries
surveyed by Afrobarometer and then used to re-estimate potentially biased data. The results
indicate littfle to no change in some countries, but a meaningful swing in party support (ruling
minus opposition) of more than 10 percentage points in nine countries. However, even after
this adjustment, dominant ruling parties in some countries still retain a significant popular
advantage over opposition parties, for reasons beyond self-censorship. The paper presents
one method for dealing with the issue of survey self-censorship and how more accurate
political attitudes may be judged in hybrid and autocratic regimes.
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Survey respondent self-censorship

Measuring the degree of and understanding the reasons for ruling party support in
autocratic-leaning countries is challenging due to concerns around data validity. The
degree to which election results reflect the popular will is unknown because the exact
amount of electoral manipulation is hidden. Respondents in public opinion surveys might
sometimes alter their true opinions, often referred to as “preference falsification” (Arnold &
Feldman, 1981; Kuran, 1997). Researchers have focused on the role of social desirability in
data collection, particularly through surveys and other human-to-human research methods
(Nederhof, 1985; Krumpal, 2013). Blair, Coppock, and Moor (2020) have also summarized the
phenomenon of survey respondents not accurately representing their positions or feelings on
sensitive issues as "measurement error sensitivity bias.” Biased data can easily lead to spurious
results through either Type | or Type Il error, affecting independent and/or dependent
variables (Ganster, Hennessey, & Luthans, 1983).

To avoid confusion, as different disciplines use these terms in a variety of ways, below are key
definitions for this paper as inspired by Kuran (1997) and Tourangeau and Yan (2007):

e Self-censorship: Consciously deciding not to reveal one’s true attitude during
data collection

o Preference falsification: Conveying a preference not actually held by the
respondent

o Preference suppression: Conveying a non-response when a preference exists

These two forms of survey self-censorship are distinctive from the motivations for self-
censorship. The catalysts for self-censorship may include bystanders, mode of interview,
identity of interviewer, perceived sponsorship or purpose of the survey, and survey wording,
among other reasons (Feldman, Hyman, & Hart, 1951; Silver, Anderson, & Abramson, 1986;
Kreuter, Presser, & Tourangeau, 2008; Comblon & Robilliard, 2015; Calvo, Razafindrakoto, &
Roubaud, 2019). Social desirability has been associated with increased levels of both
preference falsification and suppression. For example, the perceived sponsorship and
purpose of the survey has been tied to higher preference suppression if the respondent is not
obviously supportive of or comfortable with the survey’s sponsor (Harris-Kojetin & Tucker, 1999;
Groves & Couper, 2012). Interviewer effects are primarily driven by politically salient social
identities, creating social desirability bias that results in self-censorship, such as interviewer
religious dress and gender in North Africa (Benstead, 2014). Social desirability is offen driven
by social norms surrounding sensitive issues such as voting (Holbrook & Krosnick, 2010), race
(Kuklinski, Cobb, & Gilens, 1997) or gender (Streb, Burrell, Frederick, & Genovese, 2008).

Estimating the degree of actual public support in countries with hybrid or authoritarian
regimes is fraught due fo the fear of punishment and unmeasured disinformation and
propaganda effects (Geddes & Zaller, 1989). While privacy and social desirability concerns
should be relatively equally distributed across regime type, the fear-of-punishment motive
should be much higher in autocratic regimes, where anti-regime sanctions and violence are
more prevalent (Tannenberg, 2021). Preference falsification and suppression have been
documented among some of the most authoritarian countries around the world,
demonstrating inflated support for the ruling government in Nicaragua (Bischoping &
Schuman, 1992), Syria (Wedeen, 2015), China (Jiang & Yang, 2016), Russia (Frye, Gehlbach,
Marquardt, & Reuter, 2017), and Zimbabwe (Bratton, Dulani, & Masunungure, 2016; Young,
2019).

Examining self-censorship effects

Despite the obvious logic of self-censorship being prevalent and resulting in overstated
popularity for autocratic governments, the literature demonstrates a mix of findings. Two
large-N studies seem to provide minimal support for widespread respondent self-censorship.
Across 128 countries, Guriev and Treisman (2016) find no significant relationship between
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political repression and leadership approval. In another generalized analysis, Simpser (2013)
concludes that pre-election polls explained 60% of the variation in electoral margins across
200 presidential elections, covering both democracies and autocracies. In Mexico, during
the rule of the powerful PRI in the 1990s, Beltran and Valdivia (1999) find that the relationships
between polling and election results have about the same degree of error as in developed
democracies. Even across the Middle East, the degree of preference falsification is
guestionable, and perhaps not as significant as presumed (Benstead, 2018). A study
afttempting to measure subconscious support for President El-Sisi in EQypt found that 58% of
Egyptians held a positive view of this dictator (Truex & Tavana, 2019).

Yet, other studies have shown that fear of punishment, in particular, does increase self-
censorship on surveys in authoritarian regimes. In two studies using list experiments in Russia,
approval for President Putin was found to be overstated by an estimated 10 percentage
points (Frye et al., 2017) and 20 percentage points (Kalinin, 2014). Using a natural experiment
during survey implementation, Jiang and Yang (2016) find an increase of self-censorship and
support for the Chinese government when political fear increases. Other self-censorship
survey studies on Chinese citizens have also found a pro-government bias (Li, Shi, & Zhu, 2018;
Robinson & Tannenberg, 2019). Likewise, those exposed to political violence in the recent
past also demonstrated higher rates of self-censorship in Zimbabwe (Garcia-Ponce &
Pasquale, 2015). Looking only at survey preference suppression (non-response rates) in
democracies vs. autocracies, Shen and Truex (2020) find a higher degree of suppression
among non-democratic countries such as China, Morocco, Pakistan, Jordan, Algeria, Egypt,
Russia, and Belarus. In a meta-analysis of list experiments that worked to reduce sensitivity
bias, Blair et al. (2020) find that support for governments in authoritarian regimes appears to
be overestimated by an average of 14 percentage points, with 95% confidence intervals of
0.07-0.21, based on 21 studies.

Researchers cannot know for certain the frue mental states of survey respondents and their
aftitudes, but we can estimate which conditions should be relatively free of sensitivity bias.
The above literature points to the sensitive nature of questions interacting with the immediate
and broader seftings to determine whether individuals self-censor or not. Immediate
conditions focus on the nature of the interview, characteristics of the interviewer, the
relationship of the interviewer and interviewee given the broader social-political context,
and possible bystanders. Blair et al. (2020) argue that it is reasonable to assume that
sensitivity bias is absent when respondents believe their answers will be kept confidential,
they do not know the preferences of those around them (mainly the interviewer), and they
perceive those around them as powerless to sanction them. Thus, under circumstances free
from conditions that prompt self-censorship, surveys will presumably capture an accurate
representation of the respondent’s frue feelings.

Critical analyses of Afrobarometer data

Afrobarometer data are a rich asset covering different types of countries and regimes across
time, and are collected using systematic methods. Even though enumerators present
themselves as independent researchers at the start of the interview, the final question on
Afrobarometer surveys is “Who do you think sent us2” An average of about one-third of
respondents from across the continent indicate they believe some government agency or
political party to be the frue sponsor behind the survey. Scholars have used this measure as a
potential indicator of self-censorship driven by fear in more autocratic seftings (Bratton &
Masunungure, 2012; Bratton et al., 2016; Tannenberg, 2021).1 Using a list experiment, Bratton
et al. (2016) argue that some Zimbabweans were feigning support for the government as

! Bratton and Masunungure (2012), analyzing data from Zimbabwe, noted that respondents who
“refused” to state their voting intentions were more likely to perceive government sponsorship, and
argued that this meant that opposition party support was being undercounted.
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measured by the sponsorship question.? Existing research thus details the logic and
demonstrates some evidence for self-censorship in Afrobarometer data, especially among
more autocratic countries such as Zimbabwe and Uganda.

Two studies focusing on perceived government sponsorship have found that this indicator is
associated with increased support for government entities, including on questions about
ruling party frust, satisfaction with democracy, presidential performance, and perceived
corruption in government, though not other non-political questions (Tannenberg, 2021;
Zimbalist, 2018). However, Calvo et al. (2019) replicate these findings across eight countries
using propensity score matching and find few significant effects of perceived government
sponsorship across a range of political variables. The authors thus conclude that previous
findings might be driven by "selection bias on observables.” These three studies are difficult
to compare as they all involve different sets of countries, rounds of data, outcome variables,
and methods of estimation.

Outcome of interest: Voting intentions

This paper focuses on a question of central interest to political scientists — voting intentions,
specifically worded as “If a presidential election were held tomorrow, which party’s
candidate would you vote for2"” This question should be highly susceptible to self-censorship,
being obviously political, and elections are often times of polarization, distress, and violence.
In a region with a mix of democratic, hybrid, and autocratic regimes, self-censorship should
vary from country to country, and presumably in the direction of overstating support for ruling
parties as government become more autocratic.

In this analysis, voting responses are sorted into five groups. The voting question has been
asked since Afrobarometer Round 3 (2005/2006), resulting in 199,447 observations across five
survey rounds and 35 countries. The proportions of these groupings are 37.4% ruling party
vote intention, 29.4% for any other party (opposition), 13.8% don’t know, 8.6% would not vote,
and 10.9% refused to answer. The non-response options are coded by the interviewer as: the
respondent does not know whom they would vote for (absence of preference), they would
not vote (protest preference), or they refused to answer the question (preference
suppression).

Indicators that affect voting intentions

Self-censorship markers

Working to identity and adjust for self-censorship requires a theoretical basis for which survey
variables are best able to capture whether an individual is self-censoring on sensitive political
questions. A first step toward identifying potential markers of self-censorship is to validate
whether interview conditions are related to voting intentions. A valuable and under-utilized
feature of the Afrobarometer surveys is the metadata that detail the respondent’s
demeanor, comprehension, and environmental factors, including the presence of and
interactions with other people besides the respondent. These data provide clues as to
whether respondents may be self-censoring as well as their motivations for doing so. Nearly
all of the work cited above focuses on a single indicator of potential self-censorship —
perceived government sponsorship of the interview, as indicated by the “sponsorship”
question.3

2 Other examinations of potential self-censorship markers find that in less-democratic regimes,
Afrobarometer respondents become more suspicious or tense during interviews in the months leading
up to an election (Carlson, 2018).

3 Carlson (2018) applies the indicator of whether the respondent was suspicious or relaxed during the
interview.
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All of the following are recorded by the Afrobarometer enumerators following the end of the
survey:

e Language of interview

e Presence of others during the interview

e Respondent checking answer with others
e Respondentinfluenced by others

e Inferviewer being approached by community leader or party representative during
interview

e Inferviewer feeling threatened or physically attacked during interview
e Proportion of questions respondents had difficulty answering
e Honesty, interest, cooperation, patience, ease, and friendliness of respondent

e Inferviewer's age, gender, living environment (urban or rural), home
language/ethnicity, and education level

These metadata capture four main dynamics — the interactions between the interviewer, the
respondent, and their environment; the cognitive ability or mental focus of the respondent;
the emotional state and body language of the respondent; and the demographics of the
interviewer. While the sponsorship question is answered by the respondent, all of the
indicators above are recorded by the enumerator, and therefore free of self-censorship
bias.

To assess the validity of these potential markers, standard demographics and potential self-
censorship variables are regressed on voting intentions. If a hypothesized self-censorship
marker correlates with voting infentions, then responses to such questions might be affected
by self-censorship. Four individual demographic confrols are applied — education, gender,
age, and rural — along with two livelihood variables - lived poverty and perceived ethnic
discrimination.4 The most consistent predictors of ruling party support on the African
continent are lower educational attainment (Norris & Mattes, 2003; Bratton, Bhavnani, &
Chen, 2012; Hoffman & Long, 2013), living in a rural area (Resnick, 2012; Wahman, 2017;
Wahman & Boone, 2018), and lower lived poverty, while gender and age are also found to
be significant predictors in select analyses (Norris & Mattes, 2003, Bratton et al., 2012).

The survey environment variables include the perceived government sponsorship variable,
coded the same as in previous studies and labeled sponsorship. In addition, metadata
variables are included that describe the emotional state of the respondent as well as their
interactions with the research environment. The emotional state variables tested are
cooperative and honest. Because conditions might be driven by misunderstanding or lack of
information, difficulty answering is included. This variable represents the proportion of
questions that the respondent had difficulty answering according to the interviewer. Perhaps
respondents are also signaling their infentions to self-censor elsewhere in the survey. To test
this, the question “How often, in this counftry, do people have to be careful of what they say
about politics2” is included, labeled careful talking politics.®

Several variables capture interview conditions and bystanders. These include the actual
presence of others, such as whether the respondent and interviewer were approached by a
community leader or party representative or if neighbours were present (neighbors present).
Separately, enumerators also rate the level of influence of bystanders over the respondents
(influenced by others) or if respondents checked with others when answering (checked with

4 Aside from ethnic discrimination, these are considered to be fixed in the short run or measuring phenomena
that cannot be caused by an individual’s political attitudes or current emotions.

5 For this variable, a respondent stating that people should be careful talking about politics should be
correlated with opposition support if it is not capturing self-censorship and correlated with ruling support if it
is measuring self-censorship.
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others). In a few instances, interviewers also reported feeling personally threatened or
attacked by someone (threatened) during the interview.

The ethnic identity of the interviewer has received more attention from scholars, especially in
relation to social desirability bias. Though the effect has not been found in all rounds or
countries (Dionne, 2014), in Burundi coethnic matches were found to reduce non-response
rates (Samii, 2013), and Adida, Ferree, Posner, and Robinson (2016) find a general social
desirability effect for non-coethnics across multiple questions. Thus, the variable language
match is included to measure whether the respondent’s household language is the same as
the interviewer’'s home language, with the expectation being that coethnics feel more
comfortable revealing their true preferences. Respondents from small ethnic groups of less
than 10% of the population are coded as belonging to a minority ethnicity in order to
capture ethnic vulnerability or powerlessness. In addition to language, gender mafch
captures whether the gender of the respondent and interviewer are the same. Language
match and ethnic discrimination are also interacted, as the importance of coethnicity should
be strongest among respondents who feel the most vulnerable.

Finally, three variables capture local political conditions, which may further induce political
self-censorship. Political strongholds, for both opposition and ruling parties, might be intense
settings of political pressure to conform, and are sometimes managed and controlled by
local brokers. To control for this situation, two dichotomous variables are created if more than
two-thirds of respondents (including non-response options) within a respondent’s
enumeration area report supporting any party — opposition community control and ruling
community control. Lastly, state presence measures whether interviewers observed army
vehicles, police vehicles, and police stations within the enumeration area, with 1 equaling all
three being present and 0 equating to none being present in the area.

Self-censorship markers on voting intentions

Table 1 reports the main effects of interest using multinomial logit regression, with the
reference category being ruling party voting intention. Country fixed effects are included in
the calculation but not shown below. The coefficients shown in Table 1 are standardized
effect sizes calculated by taking the hazard ratios generated in the logit model and
converting them using log(x)/1.81. Variables that demonstrate significant correlations with
specific voting intentions present themselves as strong candidates for actual self-censorship.

As expected, the demographic variables systematically correlate with voting for the ruling
party, voting for the opposition, or a non-response option. Opposition parties are more
aftractive to respondents who are younger, male, urban, educated, struggling with poverty,
and/or feeling as though the government is discriminating against them. Those who state
they don't know whom they would vote for are more likely to be female, urban, and less
educated. Those who are signaling their protest of the political system by stating they would
not vote are similar fo opposition supporters, being younger, urban, more educated, and
more impoverished.

Turning to the potential self-censorship markers, one of the key variables is sponsorship, or
believing that the survey is sponsored by the government. Sponsorship is associated with
greater ruling party vote at the expense of the other categories. This is highly consistent with
a pafttern of self-censorship. The results also show that perceived honesty is associated with
higher opposition vote and lower non-response options, especially refusing fo answer.
Difficulty answering is also associated with lower likelihood of opposition vote, though it is
unclear whether this is a self-censorship effect or an informational effect, as someone with
more difficulty answering political questions might have less information about opposition
parties. Expressing that one should be careful talking about politics is negatively correlated
with ruling party vote. This is highly intuitive, and thus, the variable does not appear to be
related to self-censorship. The environmental conditions do not bear robust results after
controlling for these other factors.
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Table 1: Multinomial logit regression of voting intentions

Opposition Don’t know No vote Refused
Age -0.003** -0.001 -0.006** 0.003**
(0.001) (0.001) (0.001) (0.001)
. 0.242%* 0.015 0.193** 0.361**
Education
(0.030) (0.041) (0.050) (0.039)
Female -0.054** 0.154** 0.105** 0.043*
(0.014) (0.020) (0.024) (0.019)
Rural -0.092** -0.132** -0.315** -0.227**
(0.017) (0.024) (0.029) (0.022)
k% * %k EE 3 EE 3
Lived Poverty Index 0.269 0.207 0.365 0.202
(0.035) (0.049) (0.060) (0.047)
s APt 0.589** 0.137** 0.474%** 0.282**
Ethnic discrimination
(0.033) (0.049) (0.058) (0.045)
- * %k - * % _ * % _ *%
Government sponsorship 0.173 0.197 0.182 0.134
(0.015) (0.021) (0.026) (0.020)
* o * . i *%
Respondent honest 0.101 0.127 0.077 0.419
(0.041) (0.055) (0.064) (0.046)
. 0.003 -0.166** -0.234%** -0.165%*
Respondent cooperative
(0.046) (0.061) (0.070) (0.054)
. . -0.150** 0.072 -0.120 -0.049
Difficulty answering
(0.044) (0.057) (0.069) (0.054)
* %k * %k * %k * %k
Careful talking politics 0.188 0.161 0.274 0.130
(0.020) (0.029) (0.035) (0.027)
-0.007 0.017 -0.009 0.026
Approached
PP (0.025) (0.033) (0.041) (0.030)
Neighbours present -0.041 0.002 0.012 0.004
(0.022) (0.030) (0.034) (0.028)
Influenced by others -0.007 0.017 -0.009 0.026
(0.025) (0.033) (0.041) (0.030)
Check with others 0.029 -0.070 -0.126 -0.104
(0.044) (0.060) (0.070) (0.056)
Threatened 0.106 0.147 -0.121 -0.077
(0.083) (0.119) (0.174) (0.114)
0.019 0.004 0.127%** 0.006
Language match
(0.019) (0.027) (0.035) (0.026)
Ethnic discrimination * language 0.150** 0.163* 0.075 0.054
match (0.048) (0.070) (0.080) (0.064)
Gender match -0.006 -0.013 -0.030 -0.057*
(0.014) (0.020) (0.024) (0.019)
Opposition community control UZERR SURELS e UEr7
PP Y (0.055) (0.114) (0.122) (0.084)
- * %k - * % _ *k _ *%
Ruling community control 0.787 0.714 0.863 0.685
(0.031) (0.049) (0.074) (0.043)
0.023 -0.091** -0.012 -0.138**
State presence
(0.026) (0.037) (0.043) (0.035)
| -0.179* 0.182 0.252* -0.112
ntercept
(0.079) (0.096) (0.108) (0.095)

N = 41.641. Residual deviance: 104096.2. AIC: 104512.2

Copyright ©Afrobarometer 2022




The ethnicity effects are largely consistent with self-censorship. Language match alone
increases the likelihood of a respondent stating they would not vote, but the self-censoring
appears centered among those who experience greater ethnic discrimination and are not
matched linguistically. This situation decreases opposition vote and “don’t know" responses
at the expense of ruling vote. The gender of the interviewer does not appear to have a
meaningful effect. The captured political community variables are both robust, though
difficult to interpret since this relates directly to the outcome of interest. Still, living within a
community dominated by a party is associated with a much higher likelihood of the
respondent stating they would vote for that party. In the case of ruling party communities
especially, a self-censorship effect seems plausible given the noticeable decline in non-
response options as well. Stafe presence is associated with lower non-response options but
does not relate to opposition support and is thus a less important marker.

Given these results, the question becomes what is a reasonable hypothetical where self-
censorship can be viewed as negligible? This requires identifying which variables are most
likely to be broadly capturing self-censorship effects. First, perceived interview sponsorship is
widespread, intuitive, and correlates with ruling party support. Honesty is also highly intuitive
and is systematically related to party support. Those who refuse to answer, while clearly
within their prerogative, are also by definition hiding their attitudes, even if it is a different
non-response option. Respondents who were perceived as being less than fully honest and
who refused to answer the voting question are labeled “dishonest.”

A third marker is constructed that takes intfo account both language match and ethnic
discrimination given the statistically significant interaction effect. Respondents being
interviewed by a non-linguistic coethnic who also report feeling any ethnic discrimination are
marked as self-censoring (ethnic). Finally, respondents living in either opposition or ruling
party communities with extremely high rates of support are also marked as potentially
experiencing significant pressure to self-censor and support the locally dominant party. In
total, 11.5% of respondents are labeled as residing in a ruling-dominated community, and just
2.8% live in an opposition-dominated community. ¢

Figure 1: Proportion of data marked as polluted, by country
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6 The proportion of data for each self-censorship marker by country can be found in the appendix.
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Figure 1 shows the percentage of respondents under at least one self-censorship condition.
These observations are labeled “polluted.” The proportion of polluted survey respondents
range from a low of 39% in Tunisia to a high of 89% in both Uganda and Namibia. On
average, 69% of the data are marked as polluted due to the presence of at least one self-
censorship marker. Also shown in Figure 1 is each country’s Electoral Democracy (V-Dem)
score for the relevant survey year. There is a surprisingly low correlation between democratic
conditions and prevalence of self-censorship markers.

Machine learning adjustment

With these potential markers of self-censorship in hand, this section considers which type of
approach would be best suited to help “unbias” or recalculate the results. Four potential
approaches are discussed prior to detailing the procedure used to readjust voting intfentions
after controlling for self-censorship markers.

Comparing approaches

Survey non-responses are missing data, but they are missing for a specific reason. In this
paper, voting intentions are also considered to be "missing” if they are thought to contain
bias and cannot be trusted. The process of self-censorship erases a true attitude and
replaces it with an inaccurate one. If a group of observations, though not a specific
observation, can be identified as such, then these observations should be removed and may
be considered missing. Patterns associated with missingness (if there is a systematic reason for
why a specific observation is missing) is a significant problem for analysts. These data are
labeled "missing not at random” (MNAR), making standard approaches to dealing with
missing data challenging and/or flawed (Little & Rubin, 1987).7 If the voting intention results
(including “refused”) were missing due to a reason unrelated to the survey or subject matter,
simply dropping these observations might be acceptable. This is indeed the first of four
approaches we might consider:

1. Complete case analysis (listwise deletion): This process simply removes missing or biased
observations and uses the remaining observations to calculate the outcomes of interest. For
example, this would involve removing all observations where the respondent perceived the
survey to be sponsored by the government. This is the most common method traditionally
used (during the 20th century) across scientific disciplines.

e Challenges: The missing data must be “missing completely at random” (MCAR); otherwise
the new estimates will be biased (Allison, 2000; Schafer & Graham, 2002). For survey data
created through randomized, nationally representative sampling this is particularly
problematic, because different subsegments will be over- and under-represented (von
Hippel, 2004). Also, this is not a feasible option for countries with high missingness rates, where
a majority of observations will need to be deleted, resulting in low statistical power, and it is
not recommended to apply this method with more than 5% missing data (Graham, 2009).

2. Regression readjustment: Another approach might be to build upon the regression
coefficient estimates calculated above and refit or readjust observations given the different
conditions of self-censorship for each observation. In essence, this would generate predicted
values using multinomial regression with all self-censorship markers set to 0.

* Challenges: On one hand this is a straightforward and intuitive approach, given the
coefficients already calculated. However, there are a number of theoretical and logistical
issues. First, the validity of the results rests upon distributional assumptions and a lack of

7 The distinctions between MNAR, “missing completely at random” (MCAR), and “missing at random” (MAR)
are subjective (Jakobsen, Gluud, Wetterslev, & Winkel, 2017). Many scholars presume that missing data in
their data set are MAR because MCAR is hard to defend and MNAR is very restrictive (Emmanuel et al., 2021).
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multicollinearity among independent variables. Given the size and complexity of the data
set, and the correlations between the various self-censorship variables, these would be
difficult to justify. Another obstacle is the level of analysis, as there are important country
differences. One would need to model each country separately, which would put significant
strain on countries with few clean observations, or run a single hierarchical model, but this
further complicates the multicollinearity issue.

3. Multiple imputation: One way of dealing with missing data considered to be “missing at
random” (MAR) that has proven popular is multiple imputation, which includes a host of
possible techniques and algorithms. A common method is multivariate imputation using
chained equations (MICE) (van Buuren, 2007), which uses existing data to calculate *mean”
placeholders for the missing values that are then regressed on other variables in the data set
and readjusted in an iterative fashion for a number of cycles (Raghunathan, Lepkowski, van
Hoewyk, & Solenberger, 2001; Azur, Stuart, Frangakis, & Leaf, 2011). In this way, missing data
may be “filled in” to allow for further analysis.

e Challenges: This provides a stronger option compared to approaches 1 and 2, given that
the Afrobarometer data set includes a large number of variables with low missingness that
could be used to help predict biased voting intention outcomes. There are two significant
problems, however. The first is that the MAR assumption is clearly violated, which would result
in biased imputations. More importantly, if all of the self-censorship markers are to be
included, the proportion of missing data is too high for any multiple imputation process. Most
models using these methods contain up to 20% missing, and Jakobsen et al. (2017) state that
imputation should not be used if missingness on a particular variable is more than 40%. The
method is also not well suited for categorical outcome variables (Horton, Lipsitz, & Parzen,
2003) or with data sets containing a variety of variable types (Liao et al., 2014).

4. Machine learning: Increasingly, scholars are leveraging machine learning (ML) to address
missing-data problems. The idea of using ML for missing data is not new but is gaining
momentum due to the method’s flexibility and accuracy. Predictions generated through ML
require a significant amount of data but may be non-parametric and typically do not require
the same sort of assumptions as the approaches above. In general, scholars have shown
that ML algorithms generate less biased estimates for missing data compared to fraditional
multiple-imputation techniques (Stekhoven, 2015; Emmanuel et al., 2021; Wang, Akande,
Poulos, & Li, 2022).

* Challenges: While the machine-learning approach is promising, there are certain
drawbacks. The first is that certain algorithms are computationally intensive, meaning they
may require hours or days to run, which may not be feasible if significant tuning is required.
Secondly, they are not very useful for estimating effects, as most do not often generate
coefficients allowing researchers to observe the relationships between independent
variables and an outcome of interest. Because the actual calculation is opaque, measuring
the reliability of the model’s performance is vital.

Machine learning and random forest

Given these challenges as well as our research agenda and high proportion of “missing”
data, ML appears to be the most robust among the four approaches. ML refers to a family of
algorithms used to predict outcomes based on a set of data on which an algorithm has
been "“trained.” The overriding goal is typically prediction accuracy, rather than inference.
The application of ML typically follows the steps of 1) data collection and cleaning, 2) model
selection, 3) training part of data, 4) tuning model parameters to achieve efficient output,
and 5) validating the trained algorithm on a testing data seft.

The main application of ML is to predict events. This may include which Netflix show a person
will choose to watch based upon viewing history, or which products a consumer will buy
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according to past purchases. ML algorithms provide an appropriate tool for this research
agenda, as the goal is to provide accurate description rather than to identify a correlational
or causal connection. The application in this paper involves simply removing the voting-
intentions values for observations with questionable validity and then applying an algorithm
that has been trained on reliable data to re-predict the outcome. This adjustment exercise
thus presents a unique application of ML to recalculate voting intentions.

ML methods have been applied to survey research for other aims, including analyzing how
language influences respondent reporting (Ramirez, Abrajano, & Alvarez, 2019), predicting
responsiveness to initial invitation (Buskirk & Kolenikov, 2015), and predicting which
respondents are most likely to drop out from survey panels (Kern, Klausch, & Kreuter, 2019).
While ML has been used to predict missing data, the degree to which this holds for MNAR,
and specifically for biased survey results, has not been established in the literature, though
two studies have recently conducted similar exercises to deal with MNAR data. Ipsen, Mattei,
& Frellsen (2021) rely on a deep latent variable model to predict MNAR data, and Lui (2021)
deals with missingness by modeling its latent structure using principal components analysis.

Classification and regression frees (CART) are a common non-parametric ML family of
algorithms that use recursive partitioning (Breiman, 1996). Starting with the entire data set, an
independent variable is selected that best partitions observations along the outcome
variable. After the data are split (branches), the process is repeated. This method of creating
a classification tree to predict an outcome has been built upon and adapted into random
forest models that overcome a number of limitations exhibited by traditional CART models
(Breiman, 2001).

Following a review of algorithm performance, we select random forest as the optfimal choice
for re-predicting the voting intentfions. In general, random forest excels at missing-data
prediction. Random forest is a supervised learner (requiring the researcher to organize the
data set and select the outcome variable) that combines a large number of base models
(frees) into a single, best-performing model to be used for prediction. Instead of using just the
original data set, random forest creates bootstrapped samples through sampling with
replacement (King & Resick, 2014) to generate a large number of trees.

Random forest has been shown to generate accurate predictions, is computationally
efficient, and is flexible across different arrays of data dimensions (Muchlinski, Siroky, He, &
Kocher, 2016). Pantanowitz and Marwala (2009) tested a suite of algorithms and found that
random forest models provide the best performance in terms of accuracy and
computational demands, with increased accuracy of more than 30% compared to auto-
associative networks. Similar studies have shown random forest as demonstrating superior
accuracy over imputation methods such as MICE with MAR data (Doove, van Buuren, &
Dusseldorp, 2013; Hong & Lynn, 2020), and Wang et al. (2022) find that classification frees (of
which random forest is one) outperform deep learning imputation methods across a range of
settings. Testing several variants of random forest models to predict missing data, Tang and
Ishwaran (2017) conclude that “performance was good under moderate to high missingness,
and even (in certain cases) when data was missing not at random.” Random forest is also
among the least computationally intensive of the ML algorithms. In this study, the random
forest algorithm run time was about 10 minutes.

Data preparation and assumptions

The adjustment procedure begins by collecting all Afrobarometer Round 6 data from
countries except Eswatini and Egypt.8 Afrobarometer variables that invoke a specific leader,
political party, or government body are removed. The rationale is that, if respondents are
self-censoring their vote choice, they may also be self-censoring on other variables that

8 These countries are excluded due to their lack of meaningful political party competition. In Eswatini,
political parties are banned from national politics. In Egypt, the survey was conducted in the brief
period between the 2011 revolution and the 2013 Egyptian coup, and thus, citizens had extremely little
time to form meaningful views and interactions with political parties.
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relate fo the government, and these should not be used in the recalculation process. This
results in around 120 variables remaining, including all metadata.? In addition, country-level
conditions are added using 18 variables from the V-Dem data set capturing regime
dimensions, as well as another 11 accessed from V-Dem that measure socio-economic
conditions. Next, any variable with less than 5% variation is removed, as they provide little
useful information and slow the learning process.

After the data-transformation process, a total of 147 independent variables remain. At this
point, the “clean” data are separated from “polluted” observations. In order for an
observation to be sorted info the clean pool, the following conditions must be frue: The
respondent perceives the interviewer as not representing the government or a political party,
the respondent is rated as honest, the respondent does not refuse to answer the voting
question, the respondent is either linguistically matched with the interviewer or does not
experience ethnic discrimination, and the respondent does not live in a community
dominated by a single political party. This results in 15,980 observations, or about 30% across
all countries. The transformation produces a data set of clean observations that are numeric
and do not contain missing data in order for the algorithm to learn effectively.10 The
recalculations process relies on a number of assumptions, as would any statistical model.
These include:

1. Individuals from the clean data set are not self-censoring. This is not possible to prove, but
in order to be as conservative as possible, any observation with a possible self-censorship
marker is removed, leaving just 30% of the data.

2. Independent variables included in the model affect the outcome variable in similar ways
across clean and polluted data sets. This cannoft be fully accounted for, but a number of
steps are taken to help address the issue. First, any variables deemed sensitive — having to do
with specific political actors — are removed from the data set. Second, country-level
conditions are included that account for regime, economic, and demographic conditfions.
Third, some respondents are included from all countries to make sure that important subsets
of the data set are not excluded.

3. Self-censorship markers do not explain actual support for parties. Since self-censorship
markers are used to partition the data, they must not be predictors of non-biased party
support. Here the interpretative nature of each marker becomes important. The two most
concerning markers are captured political community and ethnicity. However, for each of
these, other variables are included to control for actual political views. For example,
ethnicity-related variables, including percent size of language and tribal/communal groups
as well as perceived ethnic discrimination, are also included as predictors.

If these assumptions hold, then the degree of self-censorship should be revealed by
comparing the outcomes of the data set before and after recalculation. Here it's important
to note that self-censorship adjustment does not equate to a fully free and fair democratic
counterfactual. Aside from survey self-censorship, there are still institutional factors at play
that influence how survey respondents think about political parties, such as opposition parties
being harassed, incumbents using resources to sway voters, or government controlling media
and information sources that impact individuals before they complete the survey. Because

9 Random forest requires all independent variables to be numeric. Thus, transforming ethnic group
identity responses (language and ethnic/tribal groups) is not feasible, as these generate new variables
for each group identity, resulting in more than 100 new variables with limited variation. Instead, |
measure the percentage size of the respondent’s linguistic and ethnic/tribal group to include in the
model.

10 For each partitioned data set, missing data on the independent variables are imputed using rflmpute, from
the randomForest package (Liaw & Wiener, 2002).
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the readjusted figures do not control for these factors, the readjusted figures should not be
equated to what party support would actually be in a fully democratic political system.

Training and validating the clean data set

With the clean data set established, the observations are randomly split into “training” and
“testing” sets. The conventional approach to this partitioning is to construct a training set that
is as large as possible, without isolating predictors in the testing set that would provide a
skewed assessment (Molinaro, Simon, & Pfeiffer, 2005). | randomly assign 70% of the clean
data to training and the remaining 30% to testing. During the training process, tuning
parameters should be actively adjusted by the researcher to produce the optimal outcome.
For random forest, the key tuning opftions are the total number of trees and the number of
independent variables randomly selected and tried at each node (miry). A greater number
of trees increases prediction accuracy, but there are significant diminishing returns. In most
models tested, there were marginal accuracy gains following 300 frees, and thus 400 frees
was selected. After running several tuning attempts, we selected the value 75 for miry, as this
number generated the strongest performance. Since the outcome variable is categorical,
class weights were included during training that corresponded to the prevalence of each of
the four voting outcomes in the clean data seft.

After an individual observation is analyzed following the training process, two pieces of
information are generated — prediction “votes” and a predicted outcome. Because the
voting-intention variable has four categories, the prediction votes are especially useful. For
example, the model may assign Observation 1 with the prediction votes Ruling=0.25,
Opposition=0.10, Don't know=0.50, and No vote=0.15. The value with the most votes, in this
case “Don’t know,” is then automatically assigned to Observation 1 as the prediction. The
actual and predicted voting-intention outcomes for the training data set are shown in Table
2 (called a confusion matrix). The shaded cells show the correctly assigned observations for
each outcome. For both Ruling and Opposition outcomes, 66% of the original values are
predicted correctly, with lower accuracy for the two smaller non-response categories.
Overall accuracy, calculated at the individual level, is much lower than would be desired.

Table 2: Confusion matrix - training data set

Predictions
Actual Ruling Opposition | Don’t know No vote Class accuracy
Ruling 2567 1065 175 90 65.9%
Opposition 1116 2817 184 158 65.9%
Don’t know 583 606 476 160 26.1%
No vote 291 401 111 388 32.6%
Observations: 11,188 OOB error rate: 44.2%
Number of variables tried at each split: 75 Number of trees: 400

These predicted outcomes, however, cannot necessarily be said to be reliable, since the
values predicted are the same as those used while training the algorithm. Thus, it is standard
practice to validate the model on a fresh set of data — the testing subset.!! Table 3 shows

11 Some machine-learning algorithms implement K-folds to help validate the training process. However, this is
not necessary for random forest, as each tree is constructed using a different randomly selected portion of the
data set, in the same way that folds would be used. See King and Resick (2014).
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that the class accuracy is very similar to the results shown in Table 2. The overall accuracy
rate of the training data set (55.8%) is very similar to the testing data set (53.8%). The similarity
between these tables indicates that the model is not over-trained or over-fit to the particular
set of data on which it was trained.

Table 3: Confusion matrix - testing set

Predictions
Actual Ruling | Opposition | Don’t know No vote Class accuracy
Ruling 1039 494 84 52 62.3%
Opposition 511 1198 76 47 65.4%
Don’t know 258 291 186 46 23.8%
No vote 135 173 51 151 29.6%
Observations: 4,792

While 55% accuracy is much higher than random chance (31%) given the proportions of
each outcome, this is much lower than what is desired to recalculate biased data. However,
what is of primary interest is the balance between ruling and opposition support at the
country level. Fortunately, this means that the predicted votes for each outcome can simply
be aggregated for each country to produce the intended figures. The aggregation process
dramatically improves the accuracy for ruling and opposition vote shares. To be clear, this
means that using the machine learning adjustment is useful and accurate at the country
level, but much less so at the individual level.

The results of this aggregation are shown in Figure 2 and Figure 3, disaggregated by country
and data set. In these figures, the number of predicted ruling party voters for each country
(according to the aggregated “votes” for this outcome) is shown on the x-axis, and the
actual number in the data set is shown on the y-axis. Blue points are those from the larger
training data set, and red points represent the testing data set results. Figure 2 shows the
results for ruling party support, with most points fracking closely to the 45-degree line showing
full accuracy. The points with labels are those with less than 85% accuracy, 2 all of which are
found among data sets with fewer than 75 actual observations.13

Figure 3 shows the same predicted and actual number of observations plotted for the
opposition vote outcome. Again, points with less than 85% accuracy are all found in data
sets with fewer than 75 observations, primarily from the testing data sets. These results
demonstrate a high level of prediction accuracy, and therefore the validity of this approach
generally. Accuracy rates among the training sets for both ruling and opposition outcomes
are quite high. The overall accuracy, measured by taking the absolute difference between
the predicted and actual values for each country, is about 95% for both outcomes. In the
testing data sets, the average accuracy is around 90%. These figures highlight which
countries the algorithm is more or less adept at predicting. As expected, countries with fewer
observations in the clean data are more volatile and less accurate. Overall, these findings
provide a strong validation for recalculated data at the country level.

12 For example, if the actual number of ruling party supporters in Algeria is 100, predicted values of either 90
or 110 generate an accuracy score of 90%.

13 See appendix for data.
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Figure 2: Predicted and actual observations for ruling party vote by country
and data set
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Figure 3: Predicted and actual observations for opposition vote by country and data set
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Random forest produces a set of “importance” statistics that allow for some interpretation of
which variables were most influential in the final model. Table 4 shows the top 20 variables
ranked by importance. In this case, importance is represented by the mean accuracy
decrease if the variable is excluded from the model. The table also shows the vote outcome
category that is most influenced by the specific variable, the variable's source, and a brief
description. Whether the variable has a “positive” or “negative” relationship to the outcome
is not specified and left to the researcher to interpret.

Table 4: Top 20 importance variables

Mean Most Variable "
. Source Description
decrease impacted code

34.5 Opposition | Afrobarometer Q87 Ethnic group percentage
29.7 No vote Afrobarometer Q62 No differences between parties
29.4 Opposition | Afrobarometer Q88A Ethnic discrimination

27.7 Opposition | Afrobarometer Q2 Language group percentage
26.1 No vote Afrobarometer Q21 Voted most recent election
23.1 Opposition | Afrobarometer Q103 Interview language

23.1 Ruling Afrobarometer Q52K Trust traditional leaders
21.4 Opposition | V-Dem v2xcspart Civil society index

21.0 Opposition | Afrobarometer Q87 Ethnic minority (<10%)
21.0 Ruling Afrobarometer Q108 Difficulty answering

20.5 Opposition | Afrobarometer Q94 House access to electricity
20.5 Don’t know | Afrobarometer Q97 Education level

19.8 Ruling Afrobarometer Q98A Muslim religious adherent
19.3 No vote Afrobarometer Q26A Citizens should vote

19.0 Ruling Afrobarometer Q102 Race of respondent

18.8 Ruling Afrobarometer Q98A Christian religious adherent
18.1 Opposition | Afrobarometer Q95 Receive cash income

17.1 No vote Afrobarometer Q23C Persuaded others to vote
16.9 Ruling Afrobarometer Q20A Attend community meeting
16.7 Don’t know | Afrobarometer Q23B Attend campaign meeting

For example, the most important variable for predicting voting outcomes is the size of the
respondent’s ethnic group as a percentage of the population, which is especially important
for identifying opposition voters. The top variables focus primarily on social identities, political
participation, community involvement, trust in local leaders, and socio-demographic
variables such as education. Tangible living conditions also matter, especially access to
electricity and having a cash income. The strongest predictor of not holding a view on the
parties is believing that there are no meaningful differences between political parties. The
most important country-level variable is the strength of civil society.

Having frained the algorithm and validated its predictions at the country level, the analysis
now turns to using this model to recalculate the polluted data and comparing the original
and adjusted voting intentions.

Readjusting voting intentions

The next step in the process is predicting voting intentions for the polluted data using the
algorithm trained on the clean data. The polluted data are parfitioned into 11 subsets that
contain different combinations of the self-censorship markers to provide information as to the
degree of self-censorship across different circumstances. After the polluted data are
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predicted, all the observations from the various subsets are recombined to create new
aggregate measures for each country across the voting-intention outcomes.

In determining party support, the percentages of “Don’t know"” and “No vote” are not
included for the country-level analysis. The assumption is that those who say they would not
vote will actually not vote, and individuals who truthfully state they don’t know should be
relatively balanced between voting for the ruling party or an opposition party, canceling
each other out. To simplify, these respondents are set aside, though they do likely lean one
way or the other depending on the country.

The findings presented below are the stated voting intentions for the ruling party in each
country from the raw Afrobarometer data on the left, and then the readjusted statistic on the
right. In both cases, the percentage is out of all voters, and thus, the remainder is composed
of all hypothetical opposition voters.

Figure 4 shows the results for Afrobarometer countries that fall within the West African region.
The colors represent the Electoral Democracy Index (V-Dem) scores for each country as of
2015. The general frend is for most countries to revert to the center (50%), though the degree
varies significantly. The more autocratic regime of Togo experiences the largest decline in
hypothetical ruling party vote, from 77% to 67%. The ruling parties of Guinea and Nigeria
experience smaller decreases in support of -3 and -4 percentage points, respectively. On the
other hand, unpopular ruling parties in the raw data generally experienced a boost in public
support, including Sierra Leone (+15 points), Liberia (+7), Cote d'Ivoire (+5), and Burkina Faso
(+4). Notably, democratic leaders in the region, such as Cabo Verde, Senegal, Ghana, and
Benin, experience little fo no change in the readjustment.

Figure 4: Raw and adjusted ruling party vote for West African countries
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Figure 5 presents the findings from the North Africa and Sahel countries included in the
Afrobarometer survey. Only one country bears a large change due to readjustment. The

Copyright ©Afrobarometer 2022 17



estimated vote share of the ruling party in Sudan falls from 67% to 50%, making it the least
popular ruling party along with Algeria’s. Notably, after readjustment, all ruling parties’
popularity falls between the competitive and fairly narrow range of 48% to 57%. The top
democratic performer in this subgroup, Tunisia, again does not experience any meaningful
change in ruling-opposition support following readjustment.

Figure 5: Raw and adjusted ruling party vote for North African countries
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Compared to the West and North regions, most of the countries in the East and Central
regions demonstrate much higher ruling party support, as shown in Figure 6. The readjusted
statistics show meaningful decreases in ruling party for several countries, especially those with
more authoritarian regimes. Largely driven by a high proportion of captured communities,
the readjustment procedure decreases ruling party support in Uganda by 20 percentage
points, the largest shift of any country. Meaningful declines in ruling party vote are also
apparent in Burundi (-9 points), Tanzania (-6), Cameroon (-4), and Gabon (-4). Even with
these declines, most ruling parties in the region retain a notable advantage. As in other
regions, the two top democratic performers in this subsample, SGo Tomé and Principe and
Kenya, experience virtually no change due to self-censorship.

Finally, Figure 7 shows the results for countries in Southern Africa, which demonstrate a range
of regime types and degrees of ruling party popularity. In only one country does ruling party
support fall by more than 5 percentage points — Zimbabwe (-8 points). Ruling party vote
share in Mozambique, Namibia, and Zambia fall by 2-3 percentage points, while slight
increases in Lesotho and Malawi are the only other meaningful differences following the
readjustment procedure. Again, the more democratic countries experience no meaningful
change in the balance between ruling and opposition parties after adjusting for self-
censorship. Ruling parties in both Namibia and Mozambique retain hypothetical support of
more than 70% of respondents following readjustment.
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Figure 6: Raw and adjusted ruling party vote for East and Central African countries
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Figure 7: Raw and adjusted ruling party vote for Southern African countries
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Party support by regime orientation

While a 5-point ruling party decline following readjustment may seem modest, in the country-
level adjustment results presented above, a 5-point drop in hypothetical vote share is
reassigned to opposition party votes. Thus, any shift generates a party-support “swing” of
twice the size following readjustment. These effects are presented in Figure 8, where
countries are arranged from most to least democratic. Not all readjustments favour the
opposition, but most do, and the more dramatic effects are confined to hybrid and
autocratic regimes. In no country that received an Electoral Democracy score greater than
0.50 (the top 18 countries, through Kenya) does the readjustment process generate a swing
against the ruling party of more than 10 poinfs. The countries that experience an increase in
ruling party vote share (Burkina Faso, Cote d’lvoire, Liberia, and Sierra Leone) are all
sifuations where the ruling party was very unpopular in the raw data and even after the
readjustment remained at less than 50% of the hypothetical vote share.

Figure 8: Swing in ruling-opposition support by regime type and country
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On the more autocratic side of the specfrum, we see much larger vote swings. Starting with
Togo and Tanzania, there are meaningful declines in ruling party support in favour of
opposition parties. Countries with relatively weak ruling parties or less institutionalized party
systems, such as Morocco, Madagascar, and Algeria, observe little change following
adjustment. However, autocratic-leaning dominant ruling parties experience either a modest
decline (Cameroon, Gabon, Guinea, and Mozambigue) or a significant decline, suggesting
more widespread self-censorship (Burundi, Uganda, Sudan, and Zimbabwe).

Does the readjustment procedure simply shift ruling party support toward the center value of
50%, since many ruling parties with initial support over 50% decline and the majority of
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countries under this threshold increase in standing? While this is the trend for the majority of
countries, the relatively modest changes among democratic-leaning regimes suggest that
the procedure is quite sensitive to actual political conditions. Take Namibia and Uganda,
two countries with strong, long-time ruling parties where the raw ruling party vote is above
75%. The adjustment procedure results in a modest 5-percentage-point swing against the
ruling party in Namibia but a 39-point swing against the ruling party in Uganda. Other
popular ruling parties in democratic-leaning regimes, such as South Africa and Botswana,
follow a similar trend of only a slight decrease in support.

Comparing censorship effect sizes

The separation of the polluted data into subsets allows for analysis of the change in voting
intentions across different circumstances. This provides an approximation of how self-
censorship markers are influencing respondents. The polluted data are divided across 11
subsets, as shown in Table 5, to first isolate and then combine the markers. The first row shows
the clean subset of 15,980 observations, where estimated ruling vote share is 34.8% and
opposition is 38.8%. Polluted subsets 1-4 separate the data into those affected only by a
single self-censorship marker — sponsorship, dishonest, community control, or ethnic. For each
subset of data, the raw and adjusted figures are shown in separate rows, and the overall
vote swing is shown in the final column, measuring the change in ruling minus opposition
support out of the total vote share (“Don’t know” and “No vote” removed). For example, in
Subset 1, where only sponsorship is present, this marker is associated with an average 10-
point swing against ruling parties across all countries.’# The dishonest marker is similarly
associated with a 9-point swing against ruling parties. The most significant adjustment,
however, is among respondents living in communities that are dominated by a single
political party, the majority of which are ruling parties. This is associated with a 19-point swing
away from ruling parties following adjustment. Interestingly, the ethnic marker (perceived
ethnic discrimination and language mismatch with interviewer) is associated with a
meaningful opposition self-censorship effect. This may be because perceived ethnic
discrimination is stfrongly associated with opposition support, and this variable likely varies
significantly from country to country.

Subsets 5-10 show all combinations for respondents with two self-censorship markers. Subset 5
shows that those who perceive government sponsorship and are dishonest report a
significant bias in favour of ruling party support. Individually, these two conditions additively
combine to an 18.5-percentage-point swing against ruling party support per the results from
subsets 1T and 2. The results from Subset 5 show a 24-percentage-point swing, suggesting a
further interaction effect of around 6 points. While there are fewer observations within these
subsets and interpretation should be done cautiously, Subset 8 appears to also demonstrate
a significant interaction effect between dishonest and community control, resulting in the
largest swing of any subset. Subsets with the ethnic marker paired with one of the other three
markers tend to offset and produce small changes follow adjustment. Finally, in Subset 11, all
respondents who are subject to three or four conditions are included. The overall estimated
swing is 17 percentage points away from ruling parties.

The information provided in Table 5 also highlights the degree to which the proportion of
non-response options shift following adjustment. “*Don’t know” and “No vote” responses
increase to a small but notable degree under sponsorship and a large degree under
community control. Depending on the self-censorship marker, falsified ruling party vote
appears fo be a combination of both tfrue opposition votes and frue non-response feelings.

14 The ruling swing statistic is calculated as follows, with R=ruling party vote share, O=opposition parties vote
share, w=raw data set, and a=adjusted data set: ((Ra— Ou)/( Ra+ Oa)) - ((Rw— Ow)/( Rw+ Ow)).
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Table 5: Change in voting outcomes by data subsets
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Clean 0 0 0 0 | 15,980 | Raw | 34.8% | 38.2% | 16.0% | 10.6%
Raw | 44.9% | 35.1% | 12.5% | 7.5%

1 1 0 0 0 | 8,869 -9.8
Adj |39.0% |37.1% | 15.6% | 8.3%
Raw | 35.8% | 31.8% | 19.1% | 13.3%

2 0 1 0 0 | 6,428 -8.7
Adj |[33.8% |35.7% | 18.5% | 12.0%
Raw | 62.5% | 29.0% | 5.7% 2.8%

3 0 0 1 0 | 2,690 -19.0
Adj |46.5% |32.6% |14.6% | 6.3%
Raw | 31.1% | 48.8% | 12.0% | 8.2%

4 0 0 0 1 |3,312 11.1
Adj |[34.5% |43.1% | 14.5% | 7.9%
Raw | 48.1% | 28.4% | 13.8% | 9.8%

5 1 1 0 0 | 3,504 -24.0
Adj |37.4% |36.1% | 16.8% | 9.8%
Raw | 74.7% | 19.6% | 4.3% 1.4%

6 1 0 1 0 | 2,076 -30.1
Adj |[52.5% |29.3% | 13.0% | 5.2%
Raw | 39.0% | 42.7% | 11.6% | 6.7%

7 1 0 0 1 (2,039 -2.1
Adj |36.2% |41.3% |14.9% | 7.5%
Raw | 69.8% | 17.1% | 9.8% 2.6%

8 0 1 1 0 | 639 -38.8
Adj |[44.9% |28.8% |17.7% | 8.6%
Raw | 33.4% | 42.0% | 15.0% | 9.6%

9 0 1 0 1 (1,376 2.7
Adj |34.7% |41.3% | 15.7% | 8.3%
Raw | 54.2% | 40.7% | 3.4% 1.6%

10 0 0 1 1 [553 -8.3
Adj |42.8% |38.0% |13.2% | 6.0%
Raw | 47.2% | 31.2% | 15.0% | 6.5%

11 +3 4,071 -17.3
Adj |[38.7% |36.4% | 17.0% | 7.8%
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Conclusion

Scrutinizing political party support in survey data is not only of interest to country experts but
also provides insights into the mechanics of self-censorship that may be applied to future
research. This paper has sought to develop a new application for machine learning to
provide a more accurate description of political support across African countries. The overall
findings suggest broad validation for the use of this technique at the country level and help
researchers understand which potential markers of self-censorship are more or less impactful.

One major finding is that autocratic countries experience the largest decreases in ruling
party support following readjustment. In 12 countries where the ruling party recorded more
than 50% of the hypothetical vote share in the raw data and the country was rated lower
than 0.5 on the Electoral Democracy Index, !5 the readjustment procedure reduced average
ruling party support from 67.2% to 60.3%, a 14-point swing from ruling to all opposition parties.
Other investigations into government support using list experiments and other estimation
techniques suggest that, in the most autocratic countries, government support is inflated by
between 10% and 20%. This is highly similar to the results found in this paper among
autocratic-leaning countries.

This particular application of machine learning proves promising for re-estimating data that
are strongly suspected to be suffering from sensitivity bias or self-censorship. The model
results, however, rely heavily on the researcher’s choices of which variables are self-
censorship markers in the first place. This is estimated using a regression model, but the results
are surely sensitive to model design, and findings would be bolstered by complementary
methods such as experimentation fo confirm which variables are associated with self-
censorship and to what degree. One can hope that this is just the first venture leveraging
machine learning to attempt to “unbias” suspicious survey data.

The recalculation technique also allows for a glimpse into which self-censorship markers are
more or less influential. The results indicate that three variables are broadly associated with
falsified ruling party support — perceived government sponsorship of the survey, the
respondent acting dishonestly or refusing to answer the question, and the respondent
residing in a heavily politicized location where a single party dominates. Furthermore, the
interaction of both sponsorship and community control with dishonest appears to generate
further self-censorship effects beyond the individual markers’ effects. The results also point to
falsification via non-response opftions. Thus, feigned ruling party voting intentions appear to
comprise a mix of genuine opposition support and “don’t know” and "“would not vote”
responses.

The goal of this paper has been to betfter understand the degree to which self-censorship
takes place across Afrobarometer surveys and how this impacts political preferences across
regime types. While this methodology works to account for self-censorship, it cannot
adequately take into account other regime dynamics, including an unfair electoral playing
field and other incumbency advantages. Overall, there seems to be a meaningful, though
not massive, amount of self-censorship that results in inflated ruling party support, primarily in
autocratic-leaning countries where the raw data suggest very high ruling party support.

15 Tanzania (-6 percentage points), Togo (-10), Zambia (-3), Mozambique (-3), Guinea (-2), Gabon (-4),
Cameroon (-4), Uganda (-20), Zimbabwe (-8), Morocco (+4), Sudan (-17), and Burundi (-9).
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Appendix

Table A.1: Frequency of potential self-censorship markers by country

Country Sponsor Dishonest Ethnic Stronghold Polluted
Algeria 16.9% 45.3% 1.6% 0.0% 55.7%
Benin 33.7% 12.9% 22.1% 6.7% 59.1%
Botswana 54.6% 13.6% 11.7% 10.7% 69.4%
Burkina Faso 43.9% 15.9% 13.1% 0.0% 60.7%
Burundi 24.6% 26.2% 0.0% 34.7% 63.3%
Cameroon 35.1% 25.8% 43.8% 9.2% 78.0%
Cabo Verde 35.1% 22.8% 0.5% 0.0% 44.6%
Cote d’lvoire 44.2% 26.9% 43.4% 6.7% 79.1%
Gabon 33.6% 25.3% 36.8% 0.0% 66.9%
Ghana 40.9% 30.5% 17.6% 0.0% 68.0%
Guinea 50.8% 19.8% 13.2% 14.0% 70.5%
Kenya 27.3% 33.7% 42.7% 13.0% 76.9%
Lesotho 53.6% 26.9% 0.2% 0.0% 66.9%
Liberia 6.5% 15.3% 23.2% 19.3% 51.5%
Madagascar 23.9% 37.9% 1.9% 15.3% 62.8%
Malawi 45.4% 19.8% 24.1% 13.0% 71.7%
Mali 54.9% 11.1% 15.0% 4.7% 69.1%
Mauritius 27.8% 40.0% 1.2% 0.0% 56.9%
Morocco 17.6% 35.1% 3.0% 0.0% 47.3%
Mozambique 35.1% 45.6% 28.2% 13.0% 78.1%
Namibia 40.0% 30.8% 28.7% 46.7% 89.4%
Niger 45.0% 13.6% 6.0% 19.3% 62.1%
Nigeria 38.6% 18.7% 30.8% 30.3% 77.2%
S3o Tomé and Principe 30.7% 19.8% 2.2% 0.0% 47.6%
Senegal 35.8% 14.2% 5.1% 0.0% 48.2%
Sierra Leone 30.3% 35.4% 28.9% 21.8% 80.3%
South Africa 48.2% 24.6% 25.2% 6.9% 72.5%
Sudan 15.3% 34.7% 0.0% 20.0% 53.7%
Tanzania 45.5% 23.5% 12.4% 35.5% 72.6%
Togo 43.8% 34.2% 43.0% 12.0% 82.4%
Tunisia 19.4% 24.0% 0.0% 0.0% 38.7%
Uganda 43.6% 22.0% 12.6% 72.3% 89.3%
Zambia 48.4% 32.1% 16.8% 7.3% 73.5%
Zimbabwe 45.5 % 57.5% 13.3% 0.0% 79.7%
Overall 37.1% 27.7% 17.7% 14.3% 69.0%
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Table A.2: Training and test validation on clean data: Aggregated opposition votes

Training Testing
Country
Predict | Actual | Accuracy | Predict | Actual | Accuracy

Algeria 90 94 95.6% 41 38 91.7%
Benin 138 140 98.4% 53 59 89.1%
Botswana 96 96 99.9% 48 55 87.2%
Burkina Faso 169 178 94.7% 60 61 98.6%
Burundi 90 95 94.6% 42 46 91.8%
Cameroon 25 20 79.5% 10 7 66.7%
Cabo Verde 131 130 99.3% 63 70 90.1%
Cote d’lvoire 53 56 95.1% 29 34 85.7%
Gabon 74 71 96.5% 33 33 100.0%
Ghana 297 305 97.4% 116 117 99.5%
Guinea 112 113 99.1% 50 52 95.8%
Kenya 190 197 96.7% 79 84 94.0%
Lesotho 131 140 93.7% 47 59 80.4%
Liberia 235 245 96.1% 98 109 90.3%
Madagascar 195 208 93.6% 77 67 87.1%
Malawi 275 288 95.7% 122 123 99.4%
Mali 104 109 95.6% 49 50 97.3%
Mauritius 123 128 96.0% 47 46 98.5%
Morocco 106 100 94.3% 49 51 96.3%
Mozambique 78 71 91.3% 30 30 98.8%
Namibia 18 14 76.3% 8 7 89.5%
Niger 124 127 97.9% 52 53 98.4%
Nigeria 152 159 95.8% 63 74 84.9%
Sdao Tomé and Principe 106 102 95.8% 55 64 86.5%
Senegal 159 165 96.2% 74 71 95.6%
Sierra Leone 44 45 98.8% 16 16 98.1%
South Africa 177 177 99.9% 86 80 93.5%
Sudan 100 99 99.0% 40 26 64.4%
Tanzania 166 166 99.7% 63 66 95.2%
Togo 34 29 85.7% 11 7 61.5%
Tunisia 126 126 99.9% 61 61 99.5%
Uganda 52 49 94.2% 18 16 86.7%
Zambia 85 92 92.6% 39 37 94.7%
Zimbabwe 136 141 96.5% 74 63 84.6%
Overall 95.0% 90.3%
*Average is for all countries weighted equally.
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Table A.3: Training and test validation on clean data: Aggregated ruling votes

Training Testing
Country
Predict | Actual | Accuracy | Predict | Actual | Accuracy

Algeria 80 70 87.3% 38 49 78.0%
Benin 112 108 96.6% 42 30 71.3%
Botswana 116 122 95.0% 59 56 94.7%
Burkina Faso 38 28 73.7% 14 11 80.1%
Burundi 144 146 98.8% 65 58 89.5%
Cameroon 79 83 95.2% 32 31 96.6%
Cabo Verde 106 100 93.9% 50 53 94.3%
Cote d’lvoire 66 65 98.8% 35 32 91.8%
Gabon 86 87 99.2% 37 36 97.9%
Ghana 131 129 98.4% 54 61 89.0%
Guinea 90 93 96.4% 38 33 86.6%
Kenya 151 153 98.6% 68 64 94.5%
Lesotho 70 64 91.2% 25 21 84.1%
Liberia 78 70 90.2% 30 23 75.4%
Madagascar 59 51 86.5% 23 34 67.9%
Malawi 137 134 98.1% 57 63 90.8%
Mali 102 101 99.4% 47 47 99.0%
Mauritius 102 101 98.9% 38 42 89.4%
Morocco 122 129 94.9% 53 52 98.4%
Mozambique 242 251 96.4% 94 95 98.9%
Namibia 60 69 86.9% 25 27 92.6%
Niger 108 106 98.3% 48 40 84.0%
Nigeria 155 157 98.8% 60 56 92.6%
Sdao Tomé and Principe 199 204 97.3% 96 91 94.9%
Senegal 154 153 99.2% 70 63 90.4%
Sierra Leone 55 54 97.5% 18 21 83.4%
South Africa 218 225 96.7% 97 102 94.7%
Sudan 97 96 99.4% 42 51 81.8%
Tanzania 239 245 97.6% 97 98 98.9%
Togo 61 65 94.0% 26 27 94.8%
Tunisia 130 128 98.4% 63 58 91.9%
Uganda 90 92 98.2% 30 32 95.0%
Zambia 81 75 92.7% 37 40 91.3%
Zimbabwe 136 143 95.4% 68 72 94.3%
Overall 95.2% 89.7%
*Average is for all countries weighted equally.
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