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A1. List of Countries in the Sample 

 

<Table A1 about here> 

 

While there are similarly phrased survey questions also in Round 1, it could not be 

used due to severe missingness in key variables. For instance, response to subjective 

performance evaluation exhibited 31% missingness. This is mainly due to high levels of 

missingness for Botswana (23%), Ghana (100%), and Nigeria (100%). 

 

A2. Variable Definitions 

A few notes on the dependent variable: First, the question wordings were consistent 

for all rounds used. Second, the main analysis of this paper uses a continuous dependent 

variable coding which ranges from zero to one with equidistance between the response 

categories since this, combined with an OLS regression, allows easier interpretation of the 

results. Results are consistent when alternative specifications including ordered probit are 

used. Third, "Don’t know" or "Refuse to Answer" responses were coded as missing. To 

mitigate any concerns for systematic missingness, I conduct additional tests, including 

directly modeling the missingness, using multiple imputations approach (Honaker, King, and 

Blackwell 2011), and re-running the estimation with all missing observations coded as the 

lowest possible value, and get consistent results (See below). 



The question for the key independent variable on subjective economic evaluation was 

also asked in all countries over the three rounds with the same wordings. For convenience of 

interpretation, this variable is coded as a continuous variable based on five response 

categories of the original question (Much Worse, Worse, The Same, Better, Much Better). 

Alternative estimation models including ordered probit estimation and using categorical 

independent variable codings yields consistent results (See below). 

 

A3. Relationship between Subjective Political Performance Evaluation and Vote Choice 

It may be important to acknowledge that the subjective political performance 

evaluation may not always translate directly into vote choice. Indeed, many factors could 

intervene to influence actual voting choice, including campaign effects, social pressure, or 

vote buying, to name a few. However, it is difficult to theoretically envision a situation where 

there is no plausible link between voters’ performance evaluation and vote choice, and the 

two are completely orthogonal. Moreover, we can consider a number of correlational 

measures to examine whether the two move hand in hand. Unfortunately, we do not have 

information about respondents’ actual vote choice in Afrobarometer. As a second-best, I use 

respondents’ intended vote choice as a proxy for actual vote choice and confirm that it 

exhibits high correlation with the incumbent performance evaluation variable. Round 4 of 

Afrobarometer asked question “If a presidential election were held tomorrow, which party’s 

candidate would you vote for?” The response matching the executive’s party was coded as 

one and others zero to create a binary incumbent vote choice variable. The Pearson 

correlation coefficient for subjective performance evaluation and intended vote choice 

indicates a moderate positive relationship especially given that the incumbent vote choice is a 

binary variable (𝑟 = 0.45). If we convert the performance evaluation variable into a binary 

variable and derive a Yule correlation coefficient for binary data, we get a much stronger 



positive correlation (𝑌 = 0.75). Second, we could also compare the intended vote choice to 

the actual election results. Comparing the proportion of respondents reporting the intention to 

vote for the leading party in a given country and that party’s actual vote share in the next 

election, we confirm a moderate positive relationship. The Pearson correlation coefficient 

indicates a moderate positive relationship (𝑟 = 0.43). While the ideal data for this 

correlational test would involve subnational level geocoded voting results across countries at 

a granular level, such data is difficult to come by for many of the countries in the sample. 

Though not perfect, these correlation coefficients provide some confidence about the link 

between the subjective evaluations and the ultimate vote choice. 

 

A4. Summary Statistics 

 

<Table A2 about here> 

 

<Table A3 about here> 

 

A5. Missingness 

As stated in the footnote 9, there are 5.9%, 5.8%, and 8.1% missingness in the 

dependent variable for rounds 2-4 respectively. To account for the potential bias that may be 

introduced due to such missingness, I first model the missingness in the dependent variable as 

a function of the independent variables in the model. Table A2 indicates that those who think 

the economy is doing worse, are older, less educated, female, urban resident, non-coethnic, 

non-copartisan, and surveyed closer to the election were more likely to be coded as missing. 



To account for any potential bias introduced due to such systematic missingness, I 

conducted two additional robustness checks. First, I used multiple imputations approach 

(Honaker, King, and Blackwell 2011) to fill in the missing values as much as possible and 

rerun the main estimation model on the imputed dataset. Second, I re-ran estimations while 

treating all missing observations to have the lowest value for the performance evaluation 

variable (i.e. equal to zero) and rerun the model. Though somewhat extreme, the assumption 

here is that those who are less supportive of the incumbent due to various factors are more 

likely to refuse to answer. This is a more conservative approach compared to, for example, 

Mattes and Bratton (2007) who consider refused to answer or don’t know answers as neutral. 

The results from these two exercises are consistent with the main finding. Figure A1 shows 

that the results from both the model using imputed dataset and the model with the most 

conservative assumption are consistent with the model using the original data as reported in 

the main text. All models include County- and Year-Fixed effects and robust standard errors 

clustered by country and round. 

 

<Figure A1 about here> 

 

<Table A4 about here> 

 

 

A6. Continuous Versus Categorical Dependent Variable 

As noted earlier, the dependent variable, performance evaluation of chief executive as 

well as the key independent variable, subjective evaluation of the economy, are based on 



respondents’ answers to questions that provided them with ordered categorical responses as 

their answering options. As such, some may be skeptical about coding these responses into 

continuous variable and using ordinary least squares approach for the reasons of ease in 

presentation and interpretation. Yet examining the same sets of variables with models more 

suited for ordered categorical dependent variable does not seem to change the substantive 

results. Here, one such model, namely ordered probit regression with country- and round-

fixed effects is considered as an example. 

The ordered probit model, which does not make the relatively strong equal interval 

assumption in ordinary least squares regression, is presented as the following: 

𝑃𝑟(𝑦𝑖𝑗𝑡 = 𝑘|𝑥𝑖𝑗𝑡) = ∫ 𝑁
𝜏𝑘−1

𝜏𝑘

(𝑥𝑖𝑗𝑡𝛽, 1)𝑑𝑥𝑖𝑗𝑡𝛽 

where 𝑦 is the response, 𝑥 is a vector of covariates including the fixed effects terms, 

𝑖𝑗𝑡 indexes cases as before, 𝑘 indexes categories of the response, 𝜏 is a 𝑘 + 1 vector of 

cutpoints with 𝑡0 = −∞, 𝑠1 = 0, and 𝑠𝑗 = ∞ for identification, and N indicates the 

probability distribution function of the Normal distribution. 

The table reports the results from using ordered probit as its model specification with 

the same independent variables employed in the original least squares models presented 

earlier. While it is hard to directly interpret the raw coefficients, the coefficients and standard 

errors reported for each variable seem to be consistent with the estimates provided earlier 

using OLS. 

It is true that we have lost some valuable information by turning categorical variables 

into continuous variables even though the estimates seem consistent. The table shows the 

results from using a five-category coding for Economic Perception variable (base category: 

“The Same”) instead of the continuous coding. It confirms the direction and the magnitude of 

each of the categories as expected: negative economic perception hurts performance 



evaluation, while positive economic perception helps. Yet, it also shows that the more 

extreme perceptions have greater coefficient differentials compared to the more moderate 

perceptions. For instance, moving from having the perception that the economy is The Same 

to Worse is associated with a 0.041 decrease in terms of performance evaluation of the 

executive, while moving from “The Same” to “Much Worse” is associated with an additional 

decrease of 0.077. Moreover, at the extremes, negative perception of the economy is 

associated with greater absolute magnitude when compared to positive perception (“Much 

Worse"= -0.117 and “Much Better"=0.083.) 

 

<Table A5 about here> 

<Table A6 about here> 

<Table A7 about here> 

 

A7. Separate Models for Economic Evaluation, Coethnicity, and Copartisanship 

 

<Table 8 about here> 

 

A8. Full Interaction Model 

 

<Table A9 about here> 

 



A9. Tools and Steps Used in GIS 

For the geocoding exercise, information on subnational administrative units down to 

towns and village level were available for Rounds 3 and 4. For the Round 2, the lowest 

subnational administrative units available were districts and regions. While for some 

countries districts are aligned with the level 2 subnational administrative units, they are not in 

other cases. To circumvent this issue and match the respondents to the level 2 units, I used 

the names of the locations given in the Afrobarometer data and created approximate 

addresses. For instance, for a randomly drawn respondent with survey id 5466, the 

reconstructed address was Amoni, Teso, Western, Kenya ([Town/village, District, Region, 

Country]) which yielded the geocoded coordinate of (34.24476, 0.6181615) ([longitude, 

latitude]). 

The light data used are from light density raster images that are “Average Visible, 

Stable Lights, & Cloud Free Coverages” the from National Oceanic and Atmospheric 

Administration (NOAA)’s Defense Meteorological Satellite Program (DMSP). The rasters 

capture annual composite images of time-stable lights are created by overlaying all images 

captured during a calendar year at night from 20:30 to 22:00 local time, dropping images 

where lights are covered by cloud or overpowered by the aurora or solar glare (near the 

poles), and removing ephemeral lights like fires and lightning. The resulting measure is a six-

bit number (ranging from 0 to 63) calculated for every 30-second area (approximately 1 

square kilometer).i 

To convert the original raster files in a usable format, the following steps have been 

taken using ArcGIS 10.2.2. First, individual raster files for the years 1997-2010 are added and 

imported as a generic ESRI Grid file and clipped for only relevant areas using the Clip tool to 

facilitate faster calculations. For a number of years, there were more than one raster file 

available since there were more than one satellite capturing the night images. In such cases, a 



simple average was calculated between the available rasters for a given year using Raster 

Calculator.ii Next, Zonal Statistics tool was used to calculate the average light density by 

GADM Subnational Level 2, to create a fine-grained measure of the local economy. Lastly, 

the appropriate local level light density was appended to individual respondents using Extract 

Multi Values to Points tool. Since there are a total of fourteen years and many steps involved 

in deriving the output, the steps were built and executed as a Model in ArcGIS 10.2.2. A 

major concern in using luminosity data is about top-coded values and bleeding. These issues, 

however, are of less concern within Africa. As Michalopoulos and Papaioannou (2013, 

p. 121), there are very few instances of top-coding (only 0.00017% are top-coded for 2007 

and 2008) and since luminosity is quite low across African regions, bleeding is not a major 

problem either. 

 

A10. Additional Extensions and Robustness Checks 

In this section, I consider two additional extensions to better establish the robustness 

of the estimated results. First, in a smaller subset of the sample where data are available, I 

control for additional observable characteristics at the individual level - namely, wealth, 

information, and public goods access - that may be correlated with the economic and 

subsequent performance evaluation. Second, I implement a selection on observable variables 

approach to assess the likelihood that the estimates are being driven by unobserved 

heterogeneity. 

Controlling for Additional Observables: Wealth, Information, and Public Goods Provision 

Although it is not possible to take into account all such potential confounds especially 

given the limits of the survey data, using a sub-sample of only the more recent rounds allows 



us to consider at least a few additional key variables, namely the level of wealth, public 

goods provision, and access to information. 

First, the level of income has been considered as an important determinant of political 

participation such as voting and turnout (Verba and Nie 1987; Wolfinger and Rosenstone 

1980; Brady, Verba, and Schlozman 1995). In the context of African Politics, higher income 

has been associated with a higher turnout (Kuenzi and Lambright, 2007; Kuenzi and 

Lambright 2011), but the association with incumbent support is unclear. Some have reported 

null finding for the association between income and government support (Youde 2005, 

Hoffman and Long 2013), while others have found that higher income group is associated 

with incumbent support (Lindberg and Morrison 2005). 

Since a dependable measure of individual income is unavailable in the 

Afrobarometer, a 4-point scale of wealth variable is used as a proxy, following previous 

analyses of Afrobarometer data (Robinson 2014; Lieberman and McClendon 2013). In terms 

of coding, respondents are assigned 3 points if she or he reports owning a radio, a television, 

and a car; 2 points indicates that the respondent owns a radio and a television; 1 point 

indicates that she or he owns only a radio; and 0 indicates that she or he does not own even a 

radio. This measure has been found to be more reliable than questions about numerical cash 

income, which is available for only the latest rounds of the survey (Lieberman and 

McClendon 2013: 580).iii 

Next, one implicit assumption in the theory of economic voting is the availability of 

information which citizens can use to evaluate politician performance (Anderson 2007). Yet 

in the context of African Politics, it is possible that information scarcities present difficulties 

for citizens to assess the politician performance (Posner 2005; Hoffman and Long 2013). 

Considering such context, it may be the case that access to media has a positive effect on 

performance evaluation as incumbents may have more resources at their disposal to better 



utilize the media. However, the findings on the effects of information on performance 

evaluation in the African context have been mixed (e.g. Casey 2015; Humphreys and 

Weinstein 2012; Lieberman, Posner, and Tsai 2014). To gauge the level of access to 

information, a 5-point measure of a respondent’s access to the news is used based on how 

often a respondent reported getting news from the television, radio, or newspaper.iv 

Finally, the provision of public goods and services can also influence the performance 

evaluation of the chief executive. For instance, in their study of the 2007 Kenyan elections, 

Kimenyi and Romero (2008) argue that access to public goods influences voter opinions, 

alongside other factors such as their ethnicity, absolute and relative living standards, and 

perceptions of discrimination.v It may be the case that those with better access to public 

goods are more likely to have a favorable opinion towards the incumbent. Yet there is no 

direct way of capturing public goods provision to a given respondent in the sample. As a 

second-best measure, I use a 9-point scale (0-8) additive measure as a proxy, created by 

assigning one point for each public goods, including electricity grids, piped water systems, 

sewage systems, post offices, schools, police stations, health clinics, and paved roads, 

observed by survey enumerators. 

Table A10 reports the results from including these additional covariates in a smaller 

sample, using only Rounds Three and Four due to variable availability issues. The results 

indicate that the additional covariates - wealth, access to information, and public goods 

provision - have small and insignificant effects on the dependent variable, and they do not 

add much to the model fit: the adjusted 𝑅2 does not change even at the third decimal place. 

Moreover, the inclusion of these variables does not seem to affect the sign, magnitude, and 

significance of the previously reported results of the key independent variable, Economic 

Evaluation. 

 



<Table A10 about here> 

 

 

Using Selection on Observables to Assess the Bias from Selection 

Despite the attempts to control for observable factors, the estimates reported may still 

be biased by unobservable factors correlated with selection into the levels of economic 

evaluation and the subsequent political performance evaluation. For example, we will 

overestimate the effects if those who are more dissatisfied with political performance are also 

more likely to agree to participate in surveys. Likewise, we will underestimate the effects if 

such respondents were more likely to participate. To see if the estimates are robust to such 

potential bias, I bound the effects with best- and worst-case scenarios following Oster 

(2019).vi This approach uses the selection on observables to assess the potential bias from 

unobservables arising due to potential selection effects, and provides a measure to gauge the 

strength of the likely bias arising from such unobservables, i.e. how much stronger selection 

on unobservables, relative to selection on observables, must be to explain away the full 

estimated effect. 

Formally, consider the following model: 𝑌 = 𝛽𝑋 + 𝑊1 + 𝑊2 + 𝜖, where 𝑊1 is 

observed and 𝑊2 is unobserved and the coefficient of interest is 𝛽. Note that 𝛽 cannot be 

recovered from regression because of the unobserved elements in the model (this is the 

standard omitted variable bias issue). Oster (2019) introduce the proportional selection 

assumption, which links the relationship between 𝑋 and the observed variables to the 

relationship between 𝑋 and and the unobserved variables. This link invokes a degree of 

proportionality, which is denoted with 𝛿. A value of 𝛿 = 1 implies that the observed and 

unobserved variables are equally important in explaining 𝑋; 𝛿 < 1 implies that observables 



are more important and 𝛿 > 1 that the unobservables are more important. Intuitively, this 

method bounds how correlated unobserved covariates may be with the independent variable 

of interest, relative to those included in the regression.vii 

Comparing our models with and without observables following Oster (2019), we first 

set 𝛽∗̂ =  .218 and 𝑅∗ = .035 for the model without observables, and 𝛽∗̂ =  .180 and 𝑅 =

.192 for the model with observables, where 𝛽∗̂ and 𝑅∗ are the coefficient estimate and 𝑅2 

from the regression including observable covariates, and 𝛽∗̂ and 𝑅 are the coefficient and 𝑅2 

from the uncontrolled regression. Following standard convention, we set 𝑅𝑚𝑎𝑥 = 1.5 ∗ 𝑅∗ 

and derive the bias-corrected coefficient for our key independent variable of interest, 

economic perception, at 𝛿 = 0.5 (i.e. unobservables are half as important as observables) and 

𝛿 = 1 (i.e. equal selection).viii In the former case, the corrected coefficient is 0.137, and in the 

latter case 0.093.ix Conducting the same exercise for the coethncity variable, we get values 

below 0.06 as the corrected coefficients under both conditions. In other words, this analysis 

suggests that while the bias-corrected estimates are lower than the controlled estimates of the 

economic perception, the effect of economic perception is stronger than that of coethnicity 

under both assumptions about the extent of unobservable selection and it is unlikely that there 

exists a significant threat of bias from some unobserved variable(s) that is large enough to put 

the reported estimates from the main model into question. 

A11. Replication of Table 1 (Model 5) by Country 

 

<Figure A2 about here> 

<Table A11 about here> 
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Table A4: Missingness Regression Results with Country and Round Fixed Effects 
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Table A11: Replication of Table 1 (Model 5) Excluding One Country at a Time 

 

 

 



 

Figure A1. Accounting for Potential Bias from Missingness 
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Figure A2. Replication of Table 1 (Model 5) by Country 
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i See http://ngdc.noaa.gov/eog/dmsp.html for more details 
ii The specific formula used, for instance, for the year 2000 was, (𝑓𝑙𝑜𝑎𝑡(𝑙20001) + 𝑓𝑙𝑜𝑎𝑡(𝑙20002

))/

𝑓𝑙𝑜𝑎𝑡(𝑙20002
), where l20001 and l20002 are rasters in ESRI Grid format newly created through Copy Raster 

tool. 
iii The results are also consistent when the so-called “lived poverty index” (Bratton, Mattes, and Gyimah-Boadi 

2005) is used instead. This index is an additive measure six poverty-related items in the Afrobarometer, namely 

how often during the past year, the respondent or anyone in their family have gone without enough (1) food to 

eat, (2) clean water for home use, (3) medicines or medical treatment, (4) fuel to cook food, (5) a cash income, 

or (6) school expenses for children. 
iv The coding was done as the following: (Never = 0, Less Than Once a Month = 1, A Few Times a Month = 2, 

A Few Times a Week = 4, Every Day = 4.) 
v Kimenyi and Romero (2008) use respondents’ evaluation of the Kibaki’s performance for improving living 

conditions, creating jobs, or reducing education costs. 
vi This approach is similar to the sensitivity bounds approach developed by Altonji, Elder, and Taber (2005) or 

Bellows and Miguel (2009). In earlier works, similar approaches using bounds analysis to account for selection 

effects have followed the work of Lee (2009). For more detailed discussions on the technique, see Oster (2019). 
vii In a general form, if observables and unobservables have the same explanatory power in the dependent 

variable, Oster (2019) suggests that the following is a consistent estimator of the effect of 𝑐 on 𝑦: 𝛼 ̂̂ =  �̂�∗ −

(�̂� − �̂�∗) ∗  
𝑅𝑚𝑎𝑥−𝑅∗

𝑅∗−𝑅
. In addition, 𝑅𝑚𝑎𝑥 is the 𝑅2 in a regression of 𝑦 on all observable and unobservable 

controls. 
viii We can also consider more extreme cases. For instance, at if we set 𝑅𝑚𝑎𝑥 > 0.98 and assume that 

unobservables are half as important as observables (i.e. 𝛿 = 0.5), the coefficient on economic perception tends 

to zero. Similarly, if we assume equal selection (i.e. 𝛿 = 1), the coefficient, again, tends to zero at around 

𝑅𝑚𝑎𝑥 > 0.58. However, considering that the main model already explains almost 20 percent of variations in the 

dependent variable, Performance Evaluation: Executive, this extremely conservative configuration is likely to 

be unrealistic. 
ix The Stata program PSACALC developed by Oster (2019) was used. 

 

 

 

 

 

                                                      


