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Abstract

We re-analyze Szakonyi (2025), one of the most innovative corruption studies in
recent years. Using data from Russia, Szakonyi (2025) estimates the effect of a
political regime having compromising information (kompromat) over its politi-
cians on legislative behavior, lobbying, and re-election. We are able to compu-
tationally reproduce the author’s results, but we had to make changes to the
data cleaning script for it to run properly. While one of our robustness tests
weakens the author’s results, most of our additional tests strengthen or confirm
Szakonyi’s (2025) original findings. Finally, we provide a discussion of estimands
and generalizability that does not invalidate Szakonyi’s (2025) findings. Overall,
Szakonyi (2025) deserves wide readership and praise for its innovative methods
of studying corruption in an authoritarian regime.
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1 Overview

In one of the most innovative corruption studies in recent times, Szakonyi (2025) prof-
fers a unique perspective on why corrupt legislators are an asset for authoritarian
regimes. The author’s logic centers on the fact that corruption information about
politicians is often public for two reasons. First, many countries, including authori-
tarian regimes, require politicians to complete assets declarations. Second, the lux-
ury cars that politicians drive are observable and sometimes impossible to buy given
their salaries. Szakonyi (2025) suggests that authoritarian regimes are well aware of
this observable information about corruption, which acts as a form of compromising
information. Given Szakonyi’s (2025) empirical focus on Russia, Szakonyi’s (2025)
memorably terms this compromising information kompromat. Szakonyi (2025) further
suggests that authoritarian regimes can use kompromat against legislators to foster
regime loyalty, which he operationalizes through legislative activity and lobbying. Sza-
konyi (2025) finds that kompromat deputies are less likely to be present for votes,
propose bills, and be re-elected in the next period.! The lobbying hypothesis has more
mixed empirical support.

Although we note some minor issues, our reproductions and robustness tests are
mostly supportive of the author’s original results. For example, the article’s results
are all reproducible, but the R data cleaning script needed multiple modifications.
Our only robustness test that does not confirm the author’s results pertains to the re-
estimation of the number of bills proposed with a Poisson Pseudo Maximum Likelihood
(PPML) estimator. The rest of our robustness checks support the author’s results.
Finally, the article lacks clarity on the main estimand of interest, but we agree with
Szakonyi’s (2025) use of convocation fixed effects in the main specifications. On the

whole, Szakonyi (2025) deserves praise and wide readership for highly innovative and

!Technically, Szakonyi (2025) defines kompromat deputies as ones who fail to declare a luxury car
on their asset declaration or whose car(s) is/are worth more than their family’s earnings in that year.
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Table 1: Replication Package Contents and Reproducibility

Replication Package Item Fully Partial No
Raw data provided v

Analysis data provided v

Cleaning code provided v

Analysis code provided v

Reproducible from raw data v

Reproducible from analysis data v

Note: This table summarizes the replication package contents contained in Szakonyi (2025). Cleaning
code provided but some minor modifications required.

groundbreaking research on corruption and authoritarian regimes.

2 Computational Reproducibility

Table 1 summarizes the replication package contents and computational reproducibility
of the article. Replication files, including all raw data, a Microsoft Excel codebook,
and R code scripts to produce the analysis dataset and final results are available in the
American Political Science Review (APSR) Dataverse at the following link: https:
//doi.org/10.7910/DVN/P2U84B.

While we are able to computationally reproduce the author’s results, we had to make
minor modifications to the data creation script to successfully transform the raw data
into the analysis dataset. Specifically, we had to remove references in the clean_data.R
script to a subfolder that may be the legacy of an obsolete file directory. Thereafter,
we also had to modify some additional code in this script related to the importing
and processing of data related to lobbying to successfully produce the analysis dataset.
Finally, we also had trouble reproducing the Oster (2019) statistics due to package
issues. These challenges occurred on both Windows and MacOS operating systems

and with different R versions (4.4.1 and 4.4.3). After making these modifications, we


https://doi.org/10.7910/DVN/P2U84B
https://doi.org/10.7910/DVN/P2U84B
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were able to successfully reproduce all main results in the article.

3 Robustness Checks

The article’s main results and supplemental information document a number of analyses
that examine the robustness of the findings. We engage in a couple of additional
robustness checks that we describe and present below.

The article uses two count dependent variables in its first primary results (Table
3): the number of bills proposed and number of questions asked. Both count variables
can take the value of zero. For the number of bills proposed, about 80 percent of
observations are zero. For the number of questions asked, about 10 percent are zero.
To accommodate zero values, the article uses an inverse hyperbolic sine (IHS) trans-
formation of these count variables in its OLS regressions. The article further justifies
this choice by pointing out that the IHS transformation behaves similar to a logarith-
mic transformation in larger values.? Chen and Roth (2024) argue that such “log-like”
transformations for zero-valued outcomes cannot allow for approximate percentage in-
terpretations, as they rely arbitrarily on units of the outcome variable. The intuition
is that percentage increases are not intuitive for zero-valued observations. In partic-
ular, they show that “if the treatment affects the extensive margin, one can obtain a
treatment effect of any magnitude simply by rescaling the units of Y before taking the
log-like transformation” (Chen and Roth, 2024, p. 891).

An alternative to an ITHS transformation is the estimation of a count model, such
as Pseudo-Poisson Maximum Likelihood (PPML), which can more intuitively handle
(many) zero-valued observations while allowing for consistent estimation in the presence
fixed effects (Santos Silva and Tenreyro, 2006; Chen and Roth, 2024). Indeed, this is

recommended by Chen and Roth (2024) as a preferred approach to IHS or other log-

2The note in Table 3 states that these outcomes are “weighted.” It is unclear if this refers to the
THS transformation or to an unspecified weighting scheme. Regardless, the untransformed version of
these dependent variables available in the analysis dataset contain zero values.
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like transformations. We thus re-estimate Models (3)-(6) of Table 3 using PPML with
untransformed counts of bills proposed in Models (3) and (4) and questions asked in
Models (5) and (6). Otherwise, our models are identical to those in the original paper.

Table 2 presents these results. The key coefficients of interest are in the same di-
rection as the original results, though with some differences in statistical significance.
For Models (3) and (4) with bills introduced as the dependent variable, the coefficient
directions are consistent but the results are no longer statistically significant at con-
ventional levels as in the article. For Models (5) and (6) with questions asked as the
dependent variable, the coefficient directions are consistent and the key results are now
statistically significant in both columns at p < .05. In the article, these estimates were
significant at p < .1 and insignificant, respectively. Overall, the results with our alter-
native PPML estimation strategy are slightly weaker for bills introduced, but slightly
stronger for questions asked.

Given that 80 percent of deputies propose no bills in a given convocation, it may
also be appropriate to analyze the extensive margin (whether a deputy proposes a bill
or not) rather than the intensive margin (the count of bills a deputy proposes). We
thus create an alternative, dichotomized dependent variable that is equal to one if
the deputy proposed a bill and zero otherwise. We then re-estimate Models (3) and
(4) from Table 3, using both OLS and logistic regression. We present these results
in Table 3. The results suggest that kompromat deputies have a lower probability of
introducing any bill in a given convocation. The results of this additional robustness

check are consistent with the article’s argument and findings.
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Table 2: Re-Estimating Table 3, Models (3)-(6) with PPML

Bills (count) Questions (count)
(3) (4) (5) (6)
Kompromat Deputy -0.376 -0.387 -0.324** -0.291**
(0.261) (0.261) (0.137) (0.137)
Family Real Estate Assets (ihs) -0.105 -0.130 -0.230"** -0.237*
(0.142) (0.144) (0.080) (0.094)
Ever Had Car Loan -0.939 -0.908 0.241 0.284
(0.946) (0.919) (0.778) (0.759)
Age (log) -0.450 -0.643 0.609** 0.291
(0.393) (0.457) (0.257) (0.262)
Member: United Russia -1.45%** -1.31%% -0.855*** -0.539***
(0.258) (0.276) (0.167) (0.152)
Member: Communist Party -0.583** -0.445 5.94 x 107° 0.211
(0.275) (0.297) (0.233) (0.215)
Member: LDPR 0.513* 0.507* 0.229 0.465**
(0.310) (0.306) (0.251) (0.231)
Died -0.488 -0.495 -0.997** -0.901***
(0.616) (0.663) (0.480) (0.316)
Female -0.774** -0.726* -0.020 -0.003
(0.332) (0.330) (0.140) (0.135)
Attended Top University 0.253 0.262 0.053 0.065
(0.231) (0.237) (0.173) (0.155)
Committee Leader 0.535*** 0.367***
(0.152) (0.101)
Fraction Chair 0.359 0.982***
(0.320) (0.159)
SMD Deputy -0.049 0.015
(0.268) (0.136)
Years in Office -0.006 0.015
(0.022) (0.010)
Number of Votes (log) 0.171 0.866***
(0.229) (0.148)
Celebrity 0.166 -0.682**
(0.310) (0.300)
Significant Business Interests 0.308 -0.130
(0.246) (0.155)
Observations 1,410 1,399 1,410 1,410
Convocation fixed effects v v v v
Occupation fixed effects v v

Note: Table 3, Models (3)-(6) re-estimated using Pseudo-Poisson Maximum Likelihood. Models
otherwise identical to original results.
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Table 3: Re-Estimating Table 3, Models (3) and (4) with Dichotomized Outcome

Proposed any bill

(1) (2) (3) (4)
OLS OLS Logit Logit
Kompromat Deputy -0.045* -0.044* -0.335* -0.338*
(0.026) (0.026) (0.200) (0.201)
Family Real Estate Assets (ihs) -0.002 -0.0003 -0.003 0.010
(0.017) (0.017) (0.113) (0.120)
Ever Had Car Loan -0.048 -0.052 -0.395 -0.406
(0.099) (0.094) (1.05) (1.03)
Age (log) -0.076 -0.108* -0.518 -0.734*
(0.052) (0.056) (0.366) (0.409)
Member: United Russia -0.230*** -0.207*** -1.39%** -1.27%%
(0.049) (0.049) (0.245) (0.260)
Member: Communist Party -0.108* -0.092 -0.527* -0.444
(0.058) (0.059) (0.283) (0.305)
Member: LDPR 0.016 0.025 0.038 0.095
(0.067) (0.066) (0.299) (0.308)
Died 0.052 0.024 0.356 0.202
(0.117) (0.123) (0.762) (0.804)
Female -0.069** -0.071** -0.559* -0.584**
(0.030) (0.031) (0.287) (0.297)
Attended Top University 0.046 0.040 0.291 0.258
(0.038) (0.037) (0.224) (0.223)
Committee Leader 0.045** 0.292*
(0.022) (0.150)
Fraction Chair 0.103* 0.518
(0.061) (0.316)
SMD Deputy -0.003 0.028
(0.035) (0.254)
Years in Office 0.0007 0.006
(0.003) (0.019)
Number of Votes (log) -0.028 -0.172
(0.036) (0.225)
Celebrity 0.006 0.059
(0.045) (0.325)
Significant Business Interests 0.006 0.039
(0.028) (0.196)
R? 0.082 0.099
Observations 1,410 1,410 1,410 1,399
Convocation fixed effects v v v v
Occupation fixed effects v v

Note: Table 3, Models (3) and (4) re-estimated with alternative dependent variable. Models

otherwise identical to original results.
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4 A Note on Estimands and Generalizability

Throughout the article, Szakonyi (2025) uses convocation (time) fixed effects in all
of his main specifications, and we agree with that decision from a causal inference
perspective. Accounting for convocation-invariant differences is certainly important. In
their highly useful article, Lundberg, Johnson and Stewart (2021) enjoin researchers to
define a unit-specific quantity of interest that can be aggregated to connect theory with
empirical estimation. For its part, Szakonyi (2025) has an abductive goal.®> It entails
ruling out potential alternative explanations about the same group of legislators within
the same time period using objective data—even though the independent variables are
not randomly assigned. Of course, one could theoretically define the estimand more
narrowly as legislators from the same area at the same time period. However, an
estimand like that one with multiple fixed effects for empirical estimation presents
severe interpretation challenges and requires very difficult assumptions (Imai and Kim,
2019, 2021; Kropko and Kubinec, 2020). Against this backdrop, it makes more sense to
only include time fixed effects, as Szakonyi (2025) does in his main specifications. By
doing so, Szakonyi (2025) provides an apples-to-apples comparison of some legislators
against others from the same time period. Although we are not Russia experts, we
suspect that comparison is crucial because regime loyalty pressures likely differ by
convocation, and legislators likely proportionally modify their behavior accordingly.
We broach the topic of estimands because, by not clearly specifying the estimand,
Szakonyi (2025) becomes open to potential critiques. One potential critique comes

from Table 4, which present the results from Columns (1) and (2) from Table 4 of

3See Heckman and Singer (2017), Swedberg (2017), and Spirling and Stewart (2025) for more on
abduction and how it is central to economics, political science, and sociology. Szakonyi (2025, p. 409)
describes his correlations as non-causal, but we think that abductive is a more precise way to describe
them. The goal entails finding the best explanation, even though Szakonyi (2025) cannot randomly
assign his independent variables.

4Indeed, Szakonyi notes this is likely the case in his analysis. The main results are slightly weaker in
the sixth convocation (p. 414), which he suggests is due to variation in the ruling party’s enforcement
of party discipline and regime loyalty.

10
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the articles without controls and without fixed effects. These new models without
convocation fixed effects lose statistical significance at conventional levels. These results
are particularly meaningful because Szakonyi (2025, p. 411) states: “Deputies who hide
income and assets on their disclosures are much more likely to vote with the regime,
even controlling for party membership.” In light of this broad interpretation, readers

may have two concerns. First, one of the control variables may be a collider (Elwert

and Winship, 2014). A second potential concern is generalizability (Findley, Kikuta

4R DP No. 260

and Denly, 2021).

Table 4: Modifying Table 4 with Different Fixed Effects and Control Variables

(1) (2) (3) (4) (5) (6) (7)
Kompromat Deputy 0.517 0.317*%* 0.906* 0.023 0.353%** 0.958%* 0.114
(0.386) (0.099) (0.398) (0.097) (0.099) (0.400) (0.097)
Family Real Estate Assets 0.063 0.075 0.062 0.049
(0.066) (0.070) (0.068) (0.072)
Ever Had Car Loan -0.709*** -0.028 -0.850*** -0.267
(0.094) (0.054) (0.118) (0.182)
Age (log) -0.373+ -0.569* -0.266 -0.395+
(0.221) (0.234) (0.224) (0.232)
Member: United Russia 8.580%** 8.370%** 8.635%** 8.348%**
(0.160) (0.193) (0.164) (0.184)
Member: Communist Party -3.983%** -3.957*** -3.967*** -3.930%**
(0.276) (0.332) (0.274) (0.315)
Member: LDPR 5.360%** 5.373%** 5.302%** 5.384%**
(0.210) (0.261) (0.207) (0.249)
Died 0.830+ 1.240%* 0.888+ 1.862%**
(0.459) (0.467) (0.453) (0.505)
Female -0.055 -0.033 -0.053 -0.050
(0.097) (0.100) (0.103) (0.105)
Attended Top University -0.036 -0.066 -0.048 -0.042
(0.126) (0.138) (0.125) (0.132)
Committee Leader 0.442%** 0.271%*
(0.109) (0.114)
Fraction Chair -0.089 0.059
(0.228) (0.253)
SMD Deputy -0.516%** -0.095
(0.151) (0.095)
Years in Office -0.012 -0.038***
(0.012) (0.011)
Number of Votes (log) -0.023 1.307***
(0.194) (0.227)
Celebrity -0.133 -0.062
(0.161) (0.166)
Significant Business Interests 0.004 -0.052
(0.097) (0.093)
Observations 1410 1410 1410 1410 1410 1410 1410
R? 0.002 0.853 0.045 0.812 0.856 0.055 0.822
Column of Table 4 None 1 1 1 2 2 2
Convocation fixed effects v v v
Occupation fixed effects v v
Controls ' v v

Table 4 tests for both collider and generalizability concerns in Table 4 from the

article. When we remove controls and fixed effects, Column (1) indicates that the
results are no longer statistically significant (p <0.18). However, per our argument

above, such a specification is irrelevant when we consider the real estimand of interest,

11
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which must include time/convocation fixed effects. Column (2) replicates the results
from Column (1) in the article, and Column (5) replicates the results of Column (2) in
the article. Columns (4) and (7) present the results of Columns (1) and (2) from the
article without control variables. Although these results are not statistically significant,
it is useful to compare them to those in Columns (3) and (6), which maintain the
relevant fixed effects but drop the control variables. As we can discern, the results
with fixed effects but no controls maintain statistical significance, so we can dismiss
the potential concern that the results are being driven by collider. The results are
merely conditional on the inclusion of fixed effects, which are essential for maintaining
the correct estimand.

Given the author’s broad interpretation of the results and the fact that the R?
decreases by circa 0.8 when we do not include control variables, it is useful to further
probe the generalizability of the findings across time periods. Szakonyi (2025, p. 411)
performs some analysis, but we can go further. One particularly useful way of providing
additional clarity to the issue of within versus between convocation effects is by using
the Mundlak (1978) model. It recovers the same coefficients as the fixed effects model
but with an additional coefficient to capture between effects (Bell and Jones, 2015; Bell,
Fairbrother and Jones, 2019; Hazlett and Wainstein, 2022; Arkhangelsky and Imbens,
2024). Per Mundlak’s (1978) seminal contribution, that additional coefficient is merely
the group-specific mean of the respective independent variable(s).

Figure 1 compares the within and between convocation results for the models with-
out controls as well as those from Column (1), Table 4 in the article. Consistent with
the theory, the Mundlak models are able to exactly replicate the coefficients from the
fixed effect models.> Given that Szakonyi (2025) clusters the robust standard errors by

deputy (person.id) and doing so results in collinearity for the Mundlak estimates, we

®We do not present or interpret the control variables because, per the Table 2 fallacy, they are
irrelevant (Westreich and Greenland, 2013).

12
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Figure 1: Comparing Fixed Effect and Mundlak Estimates for Table 4

Dependent Variable: Government Bills

Model

Kompromat Deputy (Between Convocations)

—.—
No Controls (FE)
-®- No Controls (Mundlak)
-®- Column 1 (FE)
Kompromat Deputy (Within Convocations) .', Column 1 (Mundlak)
-20 -15 -10 -5 0

Estimated Coefficient

only replicate Szakonyi’s (2025) coefficients, not the precise standard errors.® Never-
theless, the results are instructive. They indicate that between convocation effects are
at least 17 times larger than those from within convocation.” The kompromat deputy
coefficients are highly statistically significant in both their within and between forms,
too. More broadly, these Mundlak results showcase the risk of not clearly defining one’s
estimand and not being precise when describing fixed effect results,® but our Mundlak
estimates do not at all invalidate Szakonyi’s (2025) results. Again, they are merely
sensitive to the inclusion of time/convocation fixed effects, which are essential for pro-
viding useful comparisons of legislators. Outside of each respective convocation/term,

it is very difficult to compare how corruption affects legislative behavior in Russia.

5 Conclusion

In sum, our replication and extension of Szakonyi (2025) largely confirms the article’s
original findings. With minor modifications to the code, we were able to reproduce all
of the article’s main results. Re-estimating some of the core models with PPML rather

than an IHS transformation does weaken some findings but strengthens others. Re-

6As Hazlett and Wainstein (2022) emphasize, the bias-corrected multilevel model with cluster
robust standard errors that incorporates Mundlak (1978) only works when the grouping structure
matches the clustering.

7—-14.74785/0.31704 = —46.51 and —15.5806/0.9056 = —17.2

8See Rohrer and Murayama (2023) for more along these lines.

13
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estimating some models with an alternative dichotomized dependent variable further
supports the main results. Alternative model specifications with respect to controls
and fixed effects do not invalidate the article’s results but point to the importance of
clearly defining estimands and addressing generalizability concerns. We commend the
author on an excellent and innovative contribution that pushes the study of corruption

forward both theoretically and empirically.

14
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