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Abstract

Blavatskyy (2021) identifies a strong correlation between the estimated BMI of
299 transition economy politicians and perceived corruption. However, by not
controlling for age or gender, it is possible that the patterns reflect demographic
composition for which BMI is simply a marker. To address this, we obtain age
and sex estimates for 249 of the politicians in the original sample, and also
control for characteristics of the general population in each country. We then
use data from the Health in Times of Transition survey to build a model to
predict BMI from age and sex and use it to estimate how much of leaders’
estimated BMI we can attribute to these factors. We find that a positive
relationship between perceived corruption and estimated leader BMI still exists
even after controlling for these factors.
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1 Introduction

Corruption is difficult to quantify. Most studies of corruption, including this one, rely
to some extent on subjective surveys of how corrupt people think their country is;
in other words, perceived corruption. These surveys are usually conducted by foreign
experts, and are vulnerable to a variety of problems. There may be a gap between
the average person’s perception of corruption and its actual incidence (Donchev and
Ujhelyi, 2014). Additionally, corruption is best thought of as a vector of many different
factors, so aggregate measures may abstract away large differences in the corruption
of individual institutions; for example, corrupt police but strong courts (Reinikka and
Svensson, 2006). Even cultural differences over what exactly constitutes corruption
can play a role in distorting the accuracy of subjective measures (Bardhan, 2006; Wei,
1999).

These problems have generated a literature around alternative methods to measure
corruption. At the micro level, this has included strategies such as comparing records
of earnings to self-reported assets (Gorodnichenko and Peter, 2007). For larger scale
corruption at the level of major officials, we have seen attempts to use observations
about the leaders themselves: for example, identifying expensive Swiss watches on the
wrists of Chinese Communist Party officials (Lan and Li, 2018). Another alternative
measure has emerged recently for individual politicians: facial features. Lin, Adolphs,
and Alvarez (2018) find that study participants can determine (better than randomly
guessing) whether or not a politician is corrupt from their facial features. More
specifically, they find "that participants’ judgments of how corruptible an official
looked were causally influenced by the face width"(2018). Additionally, Konyakhin
finds that corrupt politicians may be able to find collaborators by looking at their
faces (2019).

One attempt in the same vein as these papers comes from Blavatskyy (2021a).
His approach has garnered attention for its unusual approach, having been featured
in The Economist (2020) and receiving the 2021 Ig Nobel Prize in Economics. He
hypothesized that the average Body Mass Index (BMI) of cabinet-level officials could
reflect corruption in a country. The BMI of ministers is estimated from photographs
with the help of a computer vision algorithm developed by Kocabey et al (2017) and
the paper concludes that there is a positive correlation between perceived corruption
indices and the median estimated BMI of cabinet ministers in countries of the former
Soviet Union. The (implied) causal pathway is that ministers directly embezzling
government money, or taking bribes to make make – or ignore – laws will have more
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money to spend on fattening things like banquets, high-class restaurants, and alcohol.
1

This paper almost immediately attracted considerable criticism. Kis (2021) Shopin
(2020) raise several issues with the BMI approach, among them the lack of obvious
causality, the possibility of alternative specifications, and doubts about the BMI
algorithm’s validity 2. However, the real critique is that the empirical exercise leads
to “ableist conclusions.” The study not only focuses on a group that is subject to "fat
shaming"in some societies, but links them to corruption (adding further shame) in
an empirical exercise. Indeed, Kis suggests controls for age distribution, income, and
inequality, and we make an effort in that direction.

Investigating the role of body size in local cultures is beyond the scope of this
paper. Though from personal experience we do not believe that “fat-shaming” is nearly
as prevalent in the former Soviet Union as in Western Europe or North America, a
quick Russian-language web search suggests that it exists, at least in wealthy urban
centers. We therefore emphasize the limited explanatory power of the relationships:
our regressions have R2 values of 0.16 to 0.55, for small samples and aggregated
values, which implies very little information about individuals. Furthermore, it seems
overwhelmingly likely that local familiarity with individual politicians will be vastly
more important in assessments of their characters than simple judgment of photographs.

In Western Europe and North America, Blavatskyy’s work appears to have been
met either as a work of entertainment with a finding that corroborates stereotypes,
or as fat-shaming data-mining with little to no scientific merit. In contrast, the
post-Soviet press took note: a Google search for Блаватский ожирение политиков
(“Blavatskyy obesity of politicians”) turns up over 2,600 hits. Top business journals
such as Forbes Ukraine provided an interview with Blavatskyy as their lead article
(Vladisla, 2020); another interview appears in Ogonyok and reprinted in the top
Russian business paper, Kommersant (Filina, 2020). Other major Russian and Ukrainian
papers and magazines also wrote stories. With a lag it appeared in Kazakhstan’s
Tengrinews (2020) which may have had the most outrageous photos, and Vremya
(Time, 2021), among many others. While these reports dwelt in part on the entertaining
and outrageous, the interviews and stories also took it seriously as yet another, visible
indicator of rapacious fat cats (толстые коты) and their particular prevalence in

1Alternatively, the banquets, restaurants, and alcohol might be the direct form the corruption
takes.

2From our perspective this last issue does not appear to be obviously problematic, especially
given the substantial range of predicted BMIs in the sample
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poorer countries and relative absence in the prospering Baltic states.
As noted, the original paper has several limitations. It lacks controls for several

attributes of leaders that are known to correlate with BMI, such as age and sex
(Masood and Reidpath, 2017; Reas et al., 2007). Despite this apparent omitted
variable bias, a follow-up study (Blavatskyy, 2021b) suggests that this model does
have some external validity, as the median estimated BMI of Ukrainian leaders tracks
the perceived corruption indices closely from 2000-2020. Still, without further controls,
it is impossible to determine whether we are actually seeing more corrupt countries
having heavier leaders, or whether some other variable is at play. Most obviously, it
could easily be that the leaders of more corrupt countries tend to stay in power for
longer, leading to older – and possibly heavier – leaders.

A series of papers by Huffman and Rizov (notably, 2010) use Russian Longitudinal
Monitoring Survey (RLMS) data to explore determinants of individual BMI in a
lifestyle equilibrium model, incorporating demand for food types, smoking, and leisure
over the period 1995 and 2004. Noting a 33% rise in obesity over this period, they find
that sharply rising incomes during this period contribute to obesity, and that there
are heterogeneous effects: weight gains (and slipping into obesity) are particularly
prevalent for those characterized as overweight (base BMI of 25-29). Overall, caloric
intake and, independently, consumption of sugars, fats, and dairy products (and to a
lesser extent meat and fish) are positively associated with BMI. Smoking status and,
perhaps surprisingly, alcohol consumption are associated with lower BMI. Finally, and
consistent with our findings but at a different level, controlling for income, managerial
status is associated with higher BMI; blue collar and professional workers have lower
BMIs. The bottom line from these findings is that abnormally heavy politicians are
no surprise in the former USSR setting: the unanswered question is whether there is
an extra boost from apparent corruption.

These patterns are explored over a more extended period by Martinchik et al.
(2015), who note that weight gain is especially pronounced in the male population.
Aistov et al. (2021) use RLMS data through 2018 and find that BMI peaks among
men at about age 40, and among women at about 60. These distinct patters will be
important to control when we standardize politician BMI. Ulumbekova (2015) notes
the stunning structure of mortality in Russia: in 2013, some 53% of all deaths are
due to illnesses of the circulatory system. While age-standardized circulatory system
death rates – a cause that is positively correlated with obesity – finally began to
decline sharply after 2003, it remained roughly 3.5 times as great as in the “older”
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EU members (and roughly 60% greater than in the “new” member states).
As we detail below, there is a strong correlation between senior politicians’ body

mass index (BMI) and estimates of corruption. The statistical problem with prior
analysis is that BMI is not age-sex standardized, and corruption is likely to be
correlated both with politicians’ incumbency/tenure (and hence age) and sex. Furthermore,
the causal link is likely to go both ways with incumbency/tenure via age: young
politicians are relatively likely to present themselves as idealistic reformers, but will
find irresistible opportunities as incumbency increases. Moreover, rewards from corruption
also tempt (presumably older and heavier) incumbents to distort rules to ward off
competitors.

Consequently, one might be tempted to dismiss a positive correlation between
BMI and corruption as simply reflecting the age and sex structure of government
ministers. This is analogous to the “shocking” finding that Japan has a higher crude
death rate (CDR) than Somalia or the Central African Republic and, indeed, has one
of the highest CDR’s in the world. In reality, though, the high CDR reflects differing
age structures: Japan actually has the highest life expectancy in the world (excluding
small city states such as Hong Kong and Macao).

We therefore focus in the following pages on the relationship between standardized
BMI and corruption measures. Rather to our surprise, standardization does not reduce
the correlation, though it does eliminate reverse-causal mechanisms and more strongly
suggests that BMI is a “marker” of public corruption. Of course, it is possible that
some societies are tolerant of corruption at all levels (and hence have higher BMI on
average). We explore this by controlling for estimates of national BMI. Once again, the
results are clear: it is the BMI of politicians, and not the public, that are associated
with a wide range of corruption measures.

This paper seeks to further examine the internal validity of "Obesity of Politicians
and Corruption in Post-Soviet countries."Section 2 describes the data sets, both those
used in the original paper and those we have gathered independently. Section 3 details
the methodology we use to reproduce Blavatskyy’s results as well as the econometric
techniques we use to further test them. Section 4 examines the results of those tests
and how they ultimately bolster the paper’s conclusion.
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2 Data

As there are several steps to this process, several datasets are needed. First, we use
the original set of 299 images of cabinet ministers from the 15 former Soviet republics
who were in power in 2017. We then run the images through his exact code — based
on Kocabey et al. (2017) — to derive their BMI estimates.

To control for the omitted variables of age and sex, on both sets of images, we
gather additional information about the leaders pictured. We hand-classify the leaders
as male or female, and find as many of their dates of birth as possible to determine
their ages as of 2017. This means that we have age data for most politicians in all
of the countries except Tajikistan, where only two politicians had publicly available
dates of birth. Appendix A.2 provides summary statistics and additional information
about the data.

We also incorporate the five perceived corruption indicators 3 used in the original
paper:

1. Transparency International Corruption Perceptions Index

2. World Bank worldwide governance indicator ‘Control of Corruption’

3. The sub-attribute ‘Absence of Corruption’ of Global State of Democracy Index

4. European Research Centre for Anti-Corruption and State-Building Index of
Public Integrity

5. Basel Anti-Money Laundering Index

Most of our results will rely on the first three indicators, as they are the only measures
which include all the countries in the sample. Additionally, Blavatskyy’s results focus
on 1 and 2, so we will direct our focus there as well.

For the first round of controls for sex, we use the World Health Organization’s
Global Health Observatory’s data, which gives us mean BMI of each country in the
sample, as well as the means for men and women. As 2017 data are unavailable, we
use 2016 data. For our first round of age controls, we use the mean age from the UN
World Population Prospects. Once again, since 2017 data are not available, we use
data from 2015. While these differences in year may introduce slight distortions, any
errors are likely to be minor. As we can see in figure 1, although BMI rises over time

3With the exception of the Basel Anti-Money Laundering Index, lower values on these measures
mean more perceived corruption.
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in each country in the sample, we do not see dramatic upticks in BMI from year to
year in any country in the sample.

Figure 1. BMI Trends in the Former Soviet Republics, 1975-2016
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For more advanced controls, we use data from Health in Times of Transition:
Trends in Population Health and Health Policies in CIS countries (hereafter HITT),
a product of the European Commision’s Community Research and Development
Information Service (CORDIS). This survey provides data on the (self-reported)
height, weight, sex, and age of 18,000 (16,943 after removing those with missing
data) individuals from a subset of the former Soviet Union: Armenia, Azerbaijan,
Belarus, Georgia, Kazakhstan, Kyrgyzstan, Moldova, Russia, and Ukraine (Wallace
and Haerpfer, 2010). Although this data set is somewhat older than our sample data,
and from only part of the USSR (notably omitting the Baltic States), it allows us to
construct a good picture of the relationship between age, sex, and BMI in the former
USSR.

3 Methodology

The methodology for replicating the paper’s results can be summed up with with
excerpt:
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For each image in the dataset, the minister’s body-mass index is estimated
using the computer vision algorithm recently developed by Kocabey et al.
(2017). This algorithm is a two-stage procedure. The first stage is a deep
convolutional neural network VGG-Face developed by Parkhi, Vedaldi,
and Zisserman (2015). This neural network extracts the features from a
deep fully connected neuron layer fc6 for the input image. The second
stage is an epsilon support vector regression [(Drucker et al., 1997)] of the
extracted features to predict body-mass indexes of 3,368 training images
(with known body-mass index values) collected by Kocabey et al. (2017).
(2021a)

This paper differs primarily in having more extensive controls. Much of Blavatskyy’s
argument comes down to his observation that ’[r]elatively less corrupt countries have
slimmer politicians but more overweight voters.’ (2021a) That is to say: the BMI of a
country’s people and that estimated for its leaders are negatively correlated. However,
the body mass indices of these leaders do not exist in a vacuum: they are affected by
a variety of factors, notably their sex and age.

To initially control for sex differences, we determine the sex ratio of leaders in each
country and use those ratios to create a weighted average BMI for each country based
on WHO data. Simply put, this measure is what the mean BMI of a country would
be if the population at large had the same sex ratio as the cabinet. We calculate this
as follows: 4

(MaleRatio×MaleBMI) + [(1−MaleRatio)× FemaleBMI] (1)

We then use linear regression to test whether or not the negative correlation holds
up when the mean estimated BMI of a country’s leaders is regressed on our sex-
adjusted BMI average.

There is also evidence linking age and BMI (Masood and Reidpath, 2017; Reas
et al., 2007), so controlling for age provides further insight into whether or not any
link between (estimated) BMI and perceived corruption actually exists. It may be
that more corrupt countries have older leaders. On a superficial level, we will be
checking if leader age is correlated with estimated leader BMI and with the perceived
corruption measures.

4MaleRatio is defined as the share of cabinet-level ministers who are male, and MaleBMI and
FemaleBMI are the mean BMIs of males and females in the population at large, respectively.
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On a more advanced level, we use the HITT data to ‘correct’ our photographic
estimates of leader BMI. To do this, we construct a model for the effects of age and
sex on BMI in the general population of the former USSR. After calculating the BMI
of each person in the sample with available height and weight, we remove outliers.
Specifically, we remove the handful of observations with a BMI > 50. These are
relatively spread out across the age spectrum, but with a slight clustering in younger
ages (< 30). The rationale behind removing these observations is that these people
are far outside the typical BMI range, so including them will distort our estimates
away from what is likely to be relevant for senior political figures. More specifically,
the clustering of these people in younger ages will underestimate the effect of age on
BMI.

After removing those outliers, we construct two models to attempt to correct the
leader BMI estimates for age and sex. The simpler of these models is a two-variable
Ordinary Least Squares regression using age and sex: 5

BMIpredicted1 = α + β0Age+ β1Male+ ϵ (2)

Our second model introduces an interaction effect: multiplying the dummy Male
variable by Age to account for any differences in how BMI varies with age between
men and women. This regression will result in the following equation:

BMIpredited2 = α + β0Age+ β1Male+ β2(Male× Age) + ϵ (3)

Once we have regression coefficients from the HITT data, we use them to estimate
the BMIs of the leaders in the sample, and use these estimates to test the results with
a series of regressions of the form: 6

Measure = α + β0BMIpredictedi + ϵ (4)

As noted in section 1, we assume that the causal pathway between obesity and
corruption is that corruption enables certain lifestyle choices. If we were to build a
more complete regression model to estimate BMI, it might include a variable (or
vector of variables) to represent lifestyle choices, such as diet, exercise, smoking, and
drinking (among others). While some of these variables are present in the HITT data,

5Sex is represented by the binary variable Male, which is 1 for males and 0 for females
6Measure is a stand-in for any of the three perceived corruption measures as well as mean BMI

in each country. This also applies to equation 6.
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they are not observable for the political leaders, and therefore are omitted. Since these
are omitted variables, any effects they have on BMI estimation will end up in the error
terms of the above models. Therefore, to find an approximation of how much of the
leaders’ BMI estimates we can attribute to lifestyle, we subtract the regression BMI
estimate from the photographic BMI estimate (equation 5) and test Blavatskyy’s
results against the resultant value (equation 6).

BMIdiff = BMIphoto −BMIpredicted (5)

CorruptionMeasure = α + β0BMIdiff + ϵ (6)

There is one other difference in between this paper and the one it builds upon:
our choice of summary statistic. Blavatskyy’s paper uses the median of the ministers’
estimated BMI. While we will use this approach to reproduce his results, most of
the work in this paper will use the mean. The primary motivation for this is the
fact that the WHO only reports mean BMI in its data, so using the mean instead
of the median will sidestep a small weakness. However, as noted in the next section
(specifically Table A1), these values are generally very close.

In the process of carrying out this methodology, we make use of the Python
programming language (version 3.5), as well as the libraries NumPy (Harris et al.,
2020), pandas (pandas development team, 2020; McKinney, 2010), Statsmodels (Seabold
and Perktold, 2010), and matplotlib (Hunter, 2007).

4 Results

4.1 Reproducing Blavatskyy

In a nutshell, we can reliably reproduce Blavatskyy’s results. 7 While there are minor
discrepancies between the results we obtained from the BMI estimation process, those
appear to be either the result of differences between the running environments, or
rounding errors. In either case, they do not change the results (see Table A1). To
reproduce the correlation between the original BMI estimates and the country-level
data on perceived corruption, we use a standard OLS regression. While Blavatskyy
does not report the exact coefficients for the correlations between estimated BMI and

7The code used to produce the following results can be found on GitHub at
https://github.com/ldtcooper/ussr-obesity-corruption
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Figure 2. Unadjusted Country BMI and Mean Minister BMI
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the five perceived corruption indicators, our results in Table A2 match his graphs
in both sign and (upon visual inspection) in magnitude. It should be noted that the
Basel Anti-Money Laundering Index is missing Belarus and Turkmenistan. The Index
of Public Integrity is missing those two, as well as Armenia and Uzbekistan.

4.2 Basic Controls for Sex

Our first control is for sex. As mentioned above (see equation 1), we construct a
weighted BMI estimate (see section 3) and use linear regression to get a more rigorous
measure of correlation. Redoing Blavatskyy’s regressions using mean estimated minister
BMI as an independent variable and mean country BMI as a dependent variable, we
get a regression coefficient of -0.174. Although this does turn out to be statistically
significant (p=0.046), due to the small sample size and lack of causal pathway between
the two variables, we can think of this coefficient as less of a predictor and more
as vindication of the claim that estimated minister BMI and population BMI are
negatively correlated (see fig. 2).

When we control for sex in this way, the coefficient becomes more strongly negative,
but also less significant: the regression coefficient of median estimated minister BMI on
sex-adjusted country BMI is -0.224 (p=0.083). Furthermore, it lends some credence to
the claim that relatively less corrupt countries may have more women in government
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(Dollar et al., 2001; Goetz, 2007; Sundström and Wängnerud, 2016), though this is
not without counterexamples (Afridi et al., 2017). This is especially interesting in
light of some of the WHO data: despite women being shorter and lighter on average,
many of the countries in our sample actually have higher BMIs for women then men.
8 In Armenia, to bring out the most extreme of the examples, the mean BMI for
women is 1.8 points higher than it is for men.

These bivariate regressions do not constitute a robust test, and there are possible
confounding factors. Most notably, there may be a gender effect along with a sex
effect 9 among the ministers. For example: thinner, more conventionally-attractive
women may be more likely to succeed in politics, leading to more pressure on female
politicians to control their weight than their male counterparts face. The above
analysis could even be read as support of that hypothesis. Although we were unable to
identify any academic literature on this topic in Russian or related to the former Soviet
republics, a paper by Roehling et al finds that ’[o]verweight women, but not overweight
men, were . . . underrepresented’ in US Senate elections (2014). This may bias our
results in the following way: lighter-than-average female politicians will bring down
the BMI estimates of the politicians in general, leading to a less negative relationship
than we currently observe.

4.3 Basic Controls for Age

A second factor that could influence BMI is age. The leaders of all fifteen countries in
the sample are notably older than the average citizen, and BMI tends to be positively
correlated with age (Masood and Reidpath, 2017; Reas et al., 2007). In short: people
tend to put on weight as they age, but don’t grow taller after a certain point; in fact,
they tend to shrink after around their mid-forties (Sorkin et al., 1999). We note that
Tajikistan is omitted from this section (and future sections), as we were unable to
find data for the ages of almost all Tajik politicians.

The first question that arises here is whether there is a correlation between the
mean minister BMI estimates and their mean age. It turns out that there is. Regressing
mean age on mean estimated minister BMI with OLS results in a coefficient of 1.3176,

8We speculate that this gap may be due in part to differences in smoking prevalence between
males and females in these countries, but testing this is beyond the scope of our paper.

9Throughout this paper, we generally use ’sex’, as we are primarily interested in biological
differences such as (aggregate) height and weight. ’Gender’ is used here to separate social effects
from biological ones (Mazure, 2021). Some of the effects we find may be due to gender differences
as opposed to sex differences, but this is beyond the scope of this paper.
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albeit with a p-value of 0.054. This tells us that the countries in the sample with older
leaders are also those with heavier leaders (see fig. 3).

Figure 3. Mean Minister BMI Estimates and Mean Minister Age Across Countries
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We also do this analysis on the level of individual politicians, and find that older
leaders tend to be heavier on the individual as well as the country level. In fact,
this relationship is much more robust than on the country level. Running an OLS
regression on minister age and the photographic BMI estimates gives us a regression
coefficient of 0.3277 which unlike the aggregated effect, is significant at the 2 percent
level (p=0.018, see fig 4).
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Figure 4. Minister Age and Estimated Minister BMI
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Additionally, we find that the three measures of perceived corruption encompassing
every country in the sample are also correlated with leader age. The Corruption
Perceptions Index (1.7456, p=0.057), Control of Corruption Index (-0.1010, p=0.032),
and IDEA Absence of Corruption Index (-0.0297, p=0.007) are all correlated with the
mean age of the leaders. This would seem to cast major doubt on the BMI-Corruption
hypothesis, as there would be no way to distinguish countries with leaders who are
heavy because they are old, from those who are heavy because they are corrupt.

To take another page from the original paper, we also regress the mean age in
each of the countries against the mean age of the ministers, as it could be that older
ministers come from countries with older populations. This turns out not to be the
case. Mean age within a country and mean age of its ministers are actually negatively
correlated (-0.3181, p=0.119). While that is a weak correlation, examining the data
reveals that there appear to be two clusters of ages: one group of older ministers from
older countries, and another of younger ministers from younger countries (see fig. 5),
a possible avenue for further study.
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Figure 5. Mean Minister Age and Mean Country Age
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4.4 Building a Normalized BMI

Running our first OLS linear regression (described in section 3) on the HITT data
gives us a set of highly statistically significant coefficients summarized in table A3. We
can use these results to estimate the BMI of the ministers. More specifically, this gives
us an estimate of how much of a minster’s photographic BMI estimate is attributable
to their age and sex, which we can compare to the perceived corruption indices.
Although the predicted BMI values are compressed into a smaller range of values
when compared to the photographic BMI estimates (see figure 6) this is reasonable as
the predictions do not contain our unobservable lifestyle variables. When we compare
these values to the measures of perceived corruption, we see that they maintain their
negative correlations (see Table A4’s rows labelled ’Age and Sex’).
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Figure 6. Estimated Minister BMI from Photographs and First Normalized BMI
Estimates
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The relationship between the mean BMI of a country (’country BMI’) and the
mean estimated BMI of its leaders (’estimated leader BMI’) is a less clear picture. On
the surface, they remain negatively correlated (-0.4943, see appendix A.3), although
with a p-value of 0.1, this correlation is not strongly significant. However, the relationship
between country BMI and estimated leader BMI does not need to be negative in
order for Blavatskyy’s hypothesis to hold. This check is done to provide evidence
against the hypothesis that countries with heavier people happen to be more corrupt,
resulting in the leaders of those corrupt countries being heavier. A negative relation
only significant at the 90 percent level suggests that this is unlikely to be the case.

Our second regression (age-sex standardized with interaction term) yields results
similar to the first. There is still a positive correlation between our normalized BMI
estimates and the BMI estimated from photographs. However, it also ‘squishes’ the
estimates for men, making them much more closely clustered while spreading out the
estimates for women much more (see fig. 7). The coefficients of this regression are
reported in table A3.
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Figure 7. Estimated Minister BMI from Photographs and Second Normalized BMI
Estimates
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Regressing this new normalized BMI estimates on the perceived corruption measures
also results in similar results. The main difference is that the coefficient for the
Corruption Perception Index becomes statistically significant. Additionally, the relationship
between estimated leader BMI and country BMI becomes both much larger in magnitude
– moving from -0.5156 to -0.8535 – while its p-value shrinks markedly, from p=0.1
in the first regression to p=0.064 in this one (see Table A4’s rows labelled ’Age, Sex,
and Interaction’).

What this tells us is that some of the relationship between (perceived) corruption
and (estimated) BMI is due to the age and sex differences between ministers and the
general population of their respective countries. With that in mind, the next question
is how much of the relationship is not due to those differences. As we discussed in
section 3, we can get at this by subtracting the results of the regression predictions
from the photographic predictions (see equation 5 in section 3). Doing so with the first
regression’s outputs (using only age and sex) and regressing the resultant subtracted
BMI estimates gives us the results labelled ’Age and Sex Difference’ and ’Age, Sex,
and Interaction Difference’ in table A4.

By now, these results should look familiar: we see the Control of Corruption and
CPI relationships hold up with the effects of age and sex removed. The Absence of
Corruption relationship is negative but only significant at the 10 percent confidence
interval. More notably, the relationship between country BMI and estimated leader
BMI remains negative and becomes even less significant. We can do the same with
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the difference between the second regression’s predictions and photographic BMI
estimates, the results of which are recorded in table A4’s ’Age, Sex, and Interaction
Difference’.

When using the second regression, all of our relationships get stronger. Most
notably, the Absence of Corruption relationship becomes significant. While the Country
BMI relationship still remains insignificant at the 5 percent level, it does inch close
to being significant at the 10 percent level. Between these two regressions, we have
good evidence that there is a relationship between perceived corruption and estimated
leader BMI that cannot be explained fully by the age and sex of leaders.

5 Conclusion

In sum, this paper refines and supports Blavatskyy’s analysis of the relationship
between the algorithmically-estimated BMI of a post-Soviet leaders and perceived
corruption in those countries. We demonstrate that the relationship is not due to
(aggregated) differences in age and sex between the leaders and their populations.
Furthermore, our analysis suggests that estimated leader BMI and country BMI
are likely negatively correlated or possibly uncorrelated. Ultimately, age and sex
standardization have virtually no impact on coefficient values for any of the perceived
corruption indicators, or for country BMI. This suggests that there are lifestyle (or
other unobserved) differences between leaders and citizens that vary with corruption.

However, there are multiple ways in which the analysis could be improved. First,
there may be important additional interaction or non-linear effects. Additionally,
there may be other variables which have been omitted. As mentioned in section 4.2,
BMI differences may be stronger for female politicians than for women in the general
population. Other factors such as nutrition may also be worthy of consideration, as
malnutrition and privation due to poverty could be a factor in pushing down the
average BMI in the poorer (also the more corrupt) countries in the sample, while not
being relevant to the class of political leaders.

Finally, as mentioned in section 2, the HITT data were gathered in 2010, while the
minister BMI estimates are from 2017. The HITT survey also omits several countries,
most notably the Baltic states. A more complete, updated dataset would be able to
cast much more light on the relationship between age, sex, and BMI in the former
USSR. Beyond just expanding this analysis to the rest of the post-Soviet republics,
it could also be applied to any set of countries and leaders at any time for which we
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have photographs.
In conclusion, these results reinforce Blavatskyy’s initial hypothesis and empirics.

However, they are only a refutation of one argument against them: namely that the
relationship between estimated leader BMI and perceived corruption is due to age and
sex differences. The precise causal mechanism remains unknown, and we can only say
that unusually heavy heavy political leadership is a marker for greater corruption, at
least in the formerly Soviet world.
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A Appendices

A.1 Tables

Appendix Table A1. Our BMI Estimates against Blavatskyy’s

Country Reproduced
Median BMI

Reproduced
Mean BMI

Blavatskyy’s
Median BMI Estimates

Estonia 28.8 30.4 28.7
Lithuania 30.3 31.8 30.3
Latvia 30.7 31.2 30.7
Georgia 31.0 32.2 30.9
Armenia 32.2 31.7 32.1
Russia 32.5 32.5 32.5
Moldova 32.8 33.2 32.7
Belarus 32.8 33,5 32.9
Azerbaijan 33.3 32.9 33.3
Kyrgyzstan 33.4 34.9 33.3
Tajikistan 33.5 33.1 33.6
Kazakhstan 33.7 34.3 33.8
Ukraine 34.5 33.6 34.4
Turkmenistan 34.6 34.9 34.7
Uzbekistan 35.5 35.0 35.5
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Appendix Table A2.
Regression coefficients of estimated minister BMI on five perceived corruption
measures

Measure Coefficient P-Value R2 n
World Bank Control of Corruption 2017 -0.4244 <0.001 0.835 15
Corruption Perceptions Index -8.2239 <0.001 0.860 15
Basel Anti Money Laundering Index 2017 0.6202 0.011 0.612 13
IDEA Absence of Corruption 2017 -0.0948 <0.001 0.653 15
Index of Public Integrity 2017 -0.6270 <0.001 0.850 11
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Appendix Table A3. Regression Model Coefficients

Age-Sex Standardized Regression (equation 2)
Variable Coefficient P-Value
Intercept 20.8271 <0.001
Age 0.0986 <0.01
Male 0.2860 <0.01
R2: 0.144 Observations: 16,932
Age-Sex Standardized Regression with Interaction (equation 3)
Variable Coefficient P-Value
Intercept 19.7083 <0.001
Age 0.1244 <0.001
Male 2.7787 <0.001
Age*Male -0.0592 <0.001
R2: 0.157 Observations: 16,932
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Appendix Table A4. Country Metric Regression Results

Regression Measure Coefficient P-Value R2

Age and Sex

Control of Corruption -1.0398 0.025 0.352
Corruption Perception Index -18.1087 0.045 0.293
IDEA Absence of Corruption -0.3054 0.004 0.504
Mean Country BMI -0.5156 0.096 0.214

Age, Sex, and Interaction

Control of Corruption -1.6614 0.016 0.395
Corruption Perception Index -29.2181 0.030 0.336
IDEA Absence of Corruption -0.4734 0.003 0.534
Mean Country BMI -0.8535 0.064 0.258

Age and Sex Difference

Control of Corruption -0.4145 0.010 0.440
Corruption Perception Index -8.1929 0.007 0.472
IDEA Absence of Corruption -0.0735 0.083 0.230
Mean Country BMI -0.1609 0.151 0.164

Age, Sex, and Interaction Difference

Control of Corruption -0.4482 0.004 0.520
Corruption Perception Index -8.7509 0.003 0.546
IDEA Absence of Corruption -0.0848 0.039 0.309
Mean Country BMI -0.1765 0.110 0.199
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A.2 Minister Data

The full data on ministers’ ages and sexes can be found in our GitHub repository
along with the code. This appendix contains several summary statistics about these
new data.
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Appendix Table A5. Counts of Male and Female Ministers in the Sample

Sex Count
Male 268
Female 31
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Appendix Table A6. Summary Statistics for Sexes of Ministers

Statistic Value
Count 299.0
Mean 0.896
Std. Dev. 0.305
Min 0.000
25% 1.000
50% 1.000
75% 1.000
Max 1.000
Note: Male observations are denoted as 1.
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Appendix Table A7. Summary Statistics for Ages of Ministers

Statistic Value
Count 249.000
Mean 51.042
Std. Dev. 8.679
Min 31.000
25% 45.000
50% 51.000
75% 57.000
Max 82.000
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Appendix Table A8. White Lagrange Multiplier Test Results

Regression LM Statistic p-value
One 438.064 <0.001
Two 491.271 <0.001
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A.3 Age-Sex Standardized Regression Scatter Plots

Figure C1. Mean Normalized Minister BMI plotted against...

(a) Control of Corruption
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(b) Corruption Perception Index

25.25 25.50 25.75 26.00 26.25 26.50 26.75 27.00
Mean Controlled Minister BMI (First Regression)

20

30

40

50

60

70

Co
rru

pt
io
n 
Pe
rc
ep
tio

n 
In
de
x

ARM
AZE

BLR

EST

GEO

KAZ
KGZ

LVALTU

MDA
RUS

TKM

UKR

UZB

(c) Absence of Corruption
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(d) Mean Country BMI
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A.4 Age-Sex Standardized Regression with Interaction Scatter Plots

Figure C1. Mean Normalized Minister BMI plotted against...

(a) Control of Corruption

25.4 25.6 25.8 26.0 26.2 26.4
Mean Controlled Minister BMI (Second Regression)

−1.5

−1.0

−0.5

0.0

0.5

1.0

W
or
l 
 B
an
k 
Co

nt
ro
l o
f C

or
r−
)t
io
n

ARM

AZE

BLR

EST

GEO

KAZ
KGZ

LVALTU

MDA RUS

TKM

UKR

UZB

(b) Corruption Perception Index
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(c) Absence of Corruption
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(d) Mean Country BMI
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A.5 Age-Sex Standardized Difference Regression Scatter Plots

Figure C1. Mean Normalized Minister BMI plotted against...

(a) Control of Corruption
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(b) Corruption Perception Index
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(c) Absence of Corruption
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(d) Mean Country BMI
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A.6 Age-Sex Standardized Difference Regression with Interaction Scatter
Plots

Figure C1. Mean Normalized Minister BMI plotted against...

(a) Control of Corruption
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(b) Corruption Perception Index
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(c) Absence of Corruption
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(d) Mean Country BMI
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