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Abstract 

Subnational political trust measures are needed in numerous research areas in political science, 
but comparative datasets including measures of subnational-level political trust are scant. 
Using existing data on trust in national and international institutions from ten cross-national 
surveys worldwide, we build the Subnational Trust Database, 2001–2022, covering political 
trust measures for more than 1700 subnational units in 114 countries worldwide. The article 
compares different estimation methods, assesses their validity, and presents select results on 
subnational political trust in select countries and international institutions. The key result 
suggests that in the presence of small-n and unrepresentative survey data, Bayesian additive 
regression trees (BART) with classical or synthetic poststratification perform better than 
multilevel regression with classical poststratification (MrP) or synthetic poststratification 
(MrsP). We sketch implications for political science subfields relying on subnational political 
trust measures, in particular political economy, social legitimacy, and peace and conflict 
research.   
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Political trust is crucial to a variety of aspects of successful modern life, including economic 

growth, law compliance, peaceful societies, political participation, transnational cooperation, 

and the functioning of democracy. When people trust political institutions, they tend to believe 

in their legitimacy (Dellmuth and Tallberg 2015; Marien and Hooghe 2011) and so feel it is 

worthwhile to engage with them, taking notice, discussing, participating, and complying with 

their norms and rules. Conversely, when political institutions do not enjoy public trust, they 

tend to be seen as coercive and might have difficulty to enforce compliance (Tallberg and Zürn 

2019; Tyler, 1990), but they might also face constructive pressures for reform (Norris 2022; 

Sommerer et al. 2022).  

 A large number of research areas in political science has shown that political trust is 

consequential for the ability of political institutions to govern effectively. In political economy, 

studies have associated subnational political trust with subnational socioeconomic inequalities, 

which can make people feel left behind in a globalizing world (Lipps and Schraff 2021). In 

social legitimacy research, the success of subnational peacekeeping efforts has been shown to 

crucially depend on subnational-level trust in involved political institutions, as this trust shapes 

the social legitimacy of United Nations (UN) peacekeeping missions (Whalan 2017). In peace 

and conflict research, the mitigation of disaster impacts on communal conflict is conditional 

upon whether local populations trust the subnational, national and international institutions 

engaged in disaster management (Petrova 2022).  

 It is noteworthy that these debates are conducted in the absence of valid and reliable 

subnational-level measures of political trust in institutions across subnational, national and 

international levels. A certain “methodological nationalism” dominates political trust and 

legitimacy research which views nation states as the primary reference point for political 

socialization and for context effects on trust. Only in the European Union (EU), where 

researchers have over the past three decades increasingly recognized the importance of 
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subnational units for European politics (typically referred to as “regions” in the European 

context), there are estimates of subnational support for the EU (Mayne and Katsanidou 2022; 

Lipps and Schraff 2021; Schraff et al. 2022). We therefore still know little about the patterns, 

causes and consequences of subnational trust in national and international institutions. 

 To address this limitation in earlier research, this article introduces the Subnational Trust 

Dataset, which is covers subnational-level measures of trust in national and international 

institutions covering 1747 subnational units in 114 countries worldwide.2 The Subnational 

Trust Dataset is based on data from 10 major cross-national datasets spanning the years 2001-

2022. To underline the validity of the subnational trust measures, we use different estimation 

methods, assess their validity, and discuss the results by using the examples of trust in national 

governments, the UN, and the World Bank. We foreground these institutions in this article to 

provide illustrations from both the national and international level, as well as from international 

institutions in different issue areas. While the UN is a multi-issue organization involved in 

human and state security governance, the mandate of the World Bank is more narrowly focused 

on economic governance.  

 This article details how we have sought to generate trust measures representative for 

subnational populations. Toward this end, we gathered census data from national and cross-

national databases to generate new survey weights, and used these weights to estimate 

subnational measures of political trust aimed to be subnationally representative. For these 

estimations, we used four methods that are prominent in the literature on subnational public 

opinion, which has predominantly focused on voting behavior (e.g., Levendusky et al. 2008; 

Warshaw and Rodden 2012; Leeman and Wasserfallen 2017; Schraff et al. 2022): multilevel 

regression and classical poststratification (MrP), multilevel regression with synthetic 

                                                
2 All code, interim datasets, and final datasets will be made available as a replication package on the Harvard 
Dataverse upon publication of this paper. 
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poststratification (MrsP), Bayesian additive regression trees (BART) with classical 

poststratification (hereinafter referred to as classical BART), and BART with synthetic 

poststratification (hereinafter referred to as synthetic BART). These methods are applied to 

generate two distinct datasets from the same source, one for all available 1747 subnational units 

(across 114 countries), and another for all 541 units (across 70 countries) that we estimate to 

be subnationally representative.3 We then chose a subset of 328 (across 47 countries) from the 

World Values Survey 7 (WVS7) and European Values Survey (EVS5) where representative 

data is available for comparison to conduct several validity tests.  

 Taken together, the Subnational Trust Dataset is designed to be used in research pushing 

forward theory and empirical research on the patterns, causes, and consequences of 

subnational-level trust in various political institutions. While the data can be easily downloaded 

and used, the methodology we propose can also be replicated for other surveys for different 

points in time to generate valid subnational-level trust measures comparable across countries 

worldwide.4 One of the main innovations here is that this dataset spans a large number of 

countries worldwide. The most valid results are produced by the Bayesian approach when 

compared to the other methods used. In the presence of small-n and unrepresentative survey 

data, Bayesian additive regression trees (BART) with classic or synthetic poststratification 

perform better than multilevel regression with classical poststratification (MrP) and synthetic 

poststratification (MrsP). Synthetic and classical poststratification perform similarly well. By 

way of conclusion, this article discusses implications for political science research using 

subnational trust measures, foregrounding the examples of political economy, social 

legitimacy, and peace and conflict studies. 

 

                                                
3 Asia Europe Survey (2001) is omitted from this dataset that is used for validation exercises due the difference 
in time between the other surveys. 
4 All code, interim datasets, and final datasets will be made available at the Harvard Dataverse (see Appendix C 
for access to the database and Appendix D for instructions for replication). 
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Creating the Subnational Trust Database  

 

In this section, we elaborate how we selected surveys, operationalized political trust, created 

subnational weights, and estimated weighted subnational trust by using different methods. We 

discuss relevant methodological challenges and how we addressed them.  

 

Selecting Surveys and Measures of Political Trust 

 

Given our ambition to create a dataset on political trust in national and international institutions 

for comparative research, we made the decision to rely on cross-national opinion polls, rather 

than national poll series. There are several national public opinion or household surveys 

including political trust measures, but such measures are typically not comparable across 

countries. Therefore, we selected the 10 most far-reaching and widely used cross-national 

opinion polls which include trust measures for 114 countries worldwide (out of 119 countries 

there is survey data for in total) (Table 1).  

 

Table 1 Cross-National Surveys Containing Measures of Legitimacy 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Note: The number of surveyed countries include countries with subnational-level data for the most recent data 
collection or “round”/“wave” available. For details on these polls’ sampling methodologies, subnational units 
covered, and measures included, see Appendix A. 

Survey Time Period Number of Surveyed Countries 
Asia Europe Survey (ASES) 2001 17 
Americas Barometer (LAPOP) 2016/2017 8 
Afrobarometer Round 4 (2008) 18 
Arab Barometer Wave 5 (2018-2019) 11 
European Social Survey (ESS) Round 9 (2018) 27 
Eurobarometer 93 July 2020 29 
European Values Study (EVS) Wave 5 (2017-2021) 33 
EU Neighbourhood Barometer Wave 6 (2014) 14 
Latinobárometro 2020 18 
World Values Survey (WVS) Wave 7 (2017-2022) 55 
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Political trust refers to “citizens’ assessments of the core institutions of the polity and entails a 

positive evaluation of the most relevant attributes that make each political institution 

trustworthy, such as credibility, fairness, competence, transparency in its policy-making, and 

openness to competing views” (Zmerli 2014, 4887). Political trust overlaps with measures such 

as “diffuse support” (Easton 1975), which captures a willingness to accept decisions of a 

governing power although one might not be a beneficiary of these decisions, or “social 

legitimacy” (Dellmuth and Tallberg 2015), which is understood as the public perception that a 

governing power exercises its authority appropriately. A number of studies have used measures 

of trust or confidence in political institutions to assess attitudes toward national and 

international institutions (e.g., Harteveld et al. 2013; Marien and Hooghe 2011; Tyler 2006; 

Tyler and Huo 2002; Dellmuth and Tallberg 2015, 2023; Lipps and Schraff 2021).5  

 Based on these insights, we operationalize political trust by using a variety of measures 

based on the answers to survey questions about trust or confidence in political institutions. 

Examples are measures of confidence in government in the World Values Survey (WVS) or 

trust in the UN in the European Social Survey (ESS). In addition, we include various measures 

of support in our dataset which are closely related to measures of trust (Thomassen et al. 2017; 

Dellmuth and Schlipphak 2020). For example, relevant survey questions ask whether 

respondents think their country’s membership in the EU is good or bad (Eurobarometer), or 

whether respondents perceive institutions to do a good job or having improved various 

outcomes (Afrobarometer and EU Neighborhood Barometer) (see Appendix A for a list of 

included measures).  

 

 

                                                
5 However, it should be noted that those concepts are not synonymous and their complex relationship has been 
discussed (cf. Hooghe and Zmerli, 2011; Thomassen et al. 2017). 
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Creating Subnational Weights  

 

Based on the selection of surveys and measures, we developed an approach to create 

subnationally representative trust measures. This is a key challenge as the selected cross-

national databases are not always subnationally representative, and even if they aim to be, the 

number of survey participants is often low within subnational units which compromises 

subnational representativeness (Leeman and Wasserfallen 2020). However, existing opinion 

polls do not provide subnational survey weights to correct for potential imbalances, but 

typically include age-sex weights for the estimation of nationally but not subnationally 

representative measures.  

 To calculate new subnational weights, we collected and pre-processed census data at the 

subnational level in five steps (see Appendix B for more details).  

 First, we collected the most recent available subnational population census data for 114 

countries from the following databases: Integrated Public Use Microdata Series (IPUMS) 

International, Eurostat, and individual national statistics databases. We collected joint 

distribution data on age groups and gender at the subnational level. Age and gender are 

variables that are available in population census data for most countries. Five-year age groups 

from the age 15 are used as age groups are more commonly used in the census data that is 

publicly available. Where five-year age groups are not available, the smallest intervals of age 

groups are collected, such as 7-year— or 10-year age groups. 

 Second, the collected census data from Eurostat and IPUMS data were pre-processed in 

Python to create a consistent global census dataset. The data that was downloaded from 

individual country statistics websites were first extracted from their various forms. A main 

difficulty that arose was the lack of data structure and format consistency. The census data was 

available through various Application Programming Interface softwares (API), online data 
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portals, CSV files, Excel files, microdata files or found in tables included in extensive country 

statistical yearbook PDF files. We structured these files first in a semi-consistent way in Excel, 

which enabled us to then process the data further in Python to create the global census dataset.6  

 Third, we created a mapping file that connects the geographical units of each survey to 

the units in the census dataset. Each survey structured their data differently, used varying 

regional unit levels, and uniquely labelled the geographical units, so this step was necessary to 

avoid data mishaps. Although time-consuming, this step was executed manually as attempts at 

algorithmic matching of subnational labels proved unreliable and programmatic geographical 

matching using coordinates was unavailable.  

 A central challenge when working with subnational geographical data is correctly 

matching the varying hierarchical levels of regional units for each county, such as aggregate 

non-administrative units (e.g., macro regions and region groupings), first-level administrative 

units (e.g., states, provinces, districts, and governates), and second-level administrative units 

(e.g., municipalities). As the subnational unit level was not always consistent between the 

survey and census, the regional units of each survey database were matched to the level 

available in the national census datasets and aggregated to the census data level if it was higher 

than the survey data and vice versa.  

 Thus survey and census regions can map one-to-one (e.g., the same subnational unit 

levels are available in both databases), many-to-one (e.g., the subnational units are at a lower 

level —i.e., smaller geographical units—in the census than the survey data), or one-to-many 

(e.g., the subnational units at a higher level —i.e., larger geographical units— in the census 

data than the survey data). In a many-to-one mapping, when a survey has data on the provincial 

level, but the census data is on the municipality level, we aggregated the census data to the 

                                                
6 The data and pre-processed files, as well as the Python script, will be uploaded to the Harvard Dataverse 
together with the replication package. However, we do not have permission to share the census data from China 
and Colombia.  
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provincial level. Conversely, in a one-to-many mapping census data can be available on the 

macro-regional level, comprised of state groupings, but survey data is available on the state 

level, in which case we would aggregate the data to the macro-regional level used in the census.  

 Fourth, custom census datasets were generated to harmonize subnational units between 

the census and survey datasets according to the mapping file discussed above.  For more details, 

see Appendix A for the subnational unit levels available in each original survey database and 

the levels used for our database. Additionally, see Appendix B (Table B1) for the subnational 

unit levels available in our Subnational Census Database. 

 Fifth, to match this census dataset, custom survey datasets were created in Python. In this 

step, the age groups were created to match the survey data age groups as closely as possible 

with the census data age groups. Survey data usually includes exact ages, which simplifies this 

process. To simplify poststratification, the survey data was processed to output the same 

columns and variable names for every survey as well as to match to the global census dataset: 

country, region, gender, age groups, and each of the survey questions. We used the variable 

names from the source data. The resulting database is the basis for the application of several 

methods to estimate subnational opinion averages.  

 

Estimation Methods for Poststratification 

 

Next, we identify and discuss a number of estimation methods to create subnational-level trust 

measures with poststratification. Previous literature on subnational opinion formation and 

voting behavior provides useful insights in this regard. This literature has discussed how to 

deal with the challenge that subsamples in subnational units are small, and therefore, or in 

addition, not representative for the subnational target population (cf. Warshaw and Rodden 

2012; Ghitza and Gelman 2013; Toshkov 2015; Georgiadou et al. 2018; Bisbee 2019; Lipps 
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and Schraff 2021; Leeman and Wasserfallen 2017, 2020; Broniecki et al. 2022; Schraff et al. 

2022).  

 However, the evidence is inconclusive regarding which method performs best. Four 

methods are commonly used: MrP, MrsP, and BART (with and without synthetic 

poststratification). To begin with, MrP uses classical poststratification and BART can be 

estimated with classical poststratification as well. “Classical poststratification” means that 

weights are applied to the survey responses to ensure that the responses from each subnational 

unit match the responses of the representative strata of the unit. MrP can extrapolate sample 

inferences to a target population with either probability or nonprobability samples. A key 

strength of MrP is that the method has been shown to produce valid measures even if samples 

are not representative (e.g., Lax and Philipps 2009; Wang et al. 2015; Warshaw and Rodden 

2012; see Leeman and Wasserfallen 2020 for a detailed introduction to MrP). At its core, this 

method is a multi-level model that regresses an outcome measure, such as voting intention, on 

a set of demographic characteristics (e.g., age, gender, marital status, and education) and group 

variables (e.g., subnational unit) to predict an outcome by subnational unit. The estimates are 

then calculated by weighting the predictions of citizens with the true population structure of 

the same demographic characteristics from subnational census data.  

 To illustrate, we estimate political trust with a MrP response model with two individual-

level variables as random effects—gender (female/male) (	𝛼#) and age groups (typically five-

year age groups from 15 years onward with the last category being “85 years and older”)7	

	(𝛼&)—and with random effects for the subnational unit	(𝛼'), the subnational level (level 

                                                
7 The age groupings depend on the granularity of the data available in the census data. Usually, five-year age 
groups are available. Sometimes, 7-year, 10-year or even 15-year age groups are only available. The age 
groupings are unique to each country and not standardized across countries. We use the smallest age intervals 
that are available ranging to the last available age group. Age groups typically range to 85 or 100 years and 
older, but there are cases in which they range to only 60 years.  
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1/level 2), (𝛼(),  and the country	(𝛼)). We write the equation as a hierarchical probit model (cf. 

Leeman and Wasserfallen 2020, 374): 

 

Pr(𝑦- = 1) = Φ(𝛽2 +	 	𝛼#[-]
67897: +	 	𝛼&[-]

;67	6:<=>' +			𝛼'[-]'=?8;@-<8;(	=8-@ +		𝛼([-]'=?8;@-<8;(	(7A7(

+ 𝛼)[-]
)<=8@:B) 

	𝛼#
67897:~𝑁E0,𝜎67897:I J, for	𝑗 = 1,… , 𝐽 

	𝛼&
;67	6:<=>'~𝑁E0, 𝜎;67	6:<=>'I J, for	𝑚 = 1, … ,𝑀 

	𝛼''=?8;@-<8;(	=8-@~𝑁(0, 𝜎'=?8;@-<8;(	=8-@I ), for	𝑠 = 1, … , 𝑆 

	𝛼''=?8;@-<8;(	(7A7(~𝑁(0, 𝜎'=?8;@-<8;(	(7A7(I ), for	𝑠 = 1,… , 𝐿 

	𝛼)
)<=8@:B~𝑁E0, 𝜎)<=8@:BI J, for	𝑐 = 1,… , 𝐶 

 

There are 30 survey respondent group types in each subnational unit as J = 2 for gender and M 

= 15 for the 15 five-year age groups. The model estimates are used to calculate predictions 

𝜋X)'#&  for all combinations of j and m in each subnational unit s, subnational level l, and country 

c.  

To perform classical poststratification, we collected the “true” joint distributions in 

each subnational unit with the frequency of each survey respondent group type 

(𝑁Y,Y, 𝑁I,Y, … , 𝑁YZ,I). A true joint probability distribution, in the context of this paper, describes 

the probability that a given person in a subnational unit takes on a set of specific values 

according to a number of demographic characteristics (e.g., a person living in a subnational 

unit that is woman and aged 45-50). Table 2 illustrates the requirements for classical 

poststratification using age groups and gender as an example, where the exact number of people 

living in a subnational unit according to each combination of demographic characteristics is 

required.  
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Table 2 Census Data Requirement for Classical Poststratification 

                             Gender 
Age Groups Female Male Total 

15-19 

20-24 

25-29 

30-34 

35-39 

40-44 

45-49 

50-54 

55-59 

60-64 

65-69 

70-74 

75-79 

80-84 

85+ 

N1,1 

N2,1 

N3,1 

N4,1 

N5,1 

N6,1 

N7,1 

N8,1 

N9,1 

N10,1 

N11,1 

N12,1 

N13,1 

N14,1 

N15,1 

N1,2 

N2,2 

N3,2 

N4,2 

N5,2 

N6,2 

N7,2 

N8,2 

N9,2 

N10,2 

N11,2 

N12,2 

N13,2 

N14,2 

N15,2 

N1 

N2 

N3 

N4 

N5 

N6 

N7 

N8 

N9 

N10 

N11 

N12 

N13 

N14 

N15 

Total N1 N2 N 

 
Note: N represents the number of people in a subnational unit according to each variable combination.  
 

True joints between all predictor variables at the subnational level are needed to weigh each 

prediction by the joint distribution data of each specific survey respondent group divided by 

the number of people living in the subnational unit with the same demographic characteristics:  

(cf. Leeman and Wasserfallen 2017, 3): 

𝜋X),' =
∑ ∑ 𝜋X#&∈),(,'𝑁#&∈),(,'&#

𝑁8∈),(,'
 

=
∑ ∑ Φ(𝛽]2 + 𝛼X& + 𝛼X# + 𝛼X'+𝛼X( + 𝛼X))𝑁#&∈),(,'&#

𝑁8∈),(,'
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In the previous section, we introduced our subnational census dataset which includes 

demographic data with true joints between five-year age groups and gender at the subnational 

level for 114 countries. These two demographic variables were selected to carry out 

poststratification as they tend to be available within national census databases worldwide, 

except for select developing countries.  

 An alternative method shown to create valid measures is to use a Bayesian additive 

regression tree (BART) model with classical poststratification. The Bayesian backfitting 

algorithm estimates many decision trees to learn from the residuals of the previous tree, which 

are combined to describe the structure of the data. The model is comprised of two parts: a sum-

of-trees model (i.e., a multivariate additive model) and the regularization prior, followed by a 

Bayesian back-fitting Monte Claro and Markov Chain (MCMC) algorithm for posterior 

computation. Poststratifying BART predictions, in the context of EU public support measures, 

yield better predictions than MrP (Lipps and Schraff, 2019). 

 Recent years have seen increased efforts to examine the performance of MrP and BART 

and how to leverage machine learning procedures for these models (e.g., Ornstein 2019; 

Broniecki et al. 2022). In this article, we take cues from this literature but do not rely on 

machine-learning which would require the use of context variables, which are not available at 

global scale (Broniecki et al. 2022).  

 To illustrate, we explore a BART probit model for binary classification (Y = 0 or 1), 

which will be used to estimate trust in international organisations worldwide: 

 

ℙ(𝑌 = 1	|	𝑋) = Φ(𝑇Yc(𝑋) + 𝑇Ic(𝑋) +⋯	+ 𝑇&c(𝑋)),								 

 

where the cumulative density function of the standard normal distribution is denoted as Φ. Each 

classification probability of x is a function of the sum of regression trees. T denotes a binary 
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tree structure and the leaves, in other words, a set of parameter values associated with each of 

the terminal nodes, denoted as M. 𝑇& denotes a tree structure and its set of leaf parameter 

values. Following the default parameter settings for a BART classification model outlined in 

Chipman et al. (2012), we apply the training set with the default setting of 200 trees, where m 

denotes the number of trees for the algorithm to iterate over. Using 200 trees has been shown 

to provide reliable predictions and to avoid overfitting (Chipman et al. 2012). 

For the final BART model specification, we impose regularization of the prior on the 

sum-of-trees model to keep the tree components small to avoid overfitting the data. The prior 

on 𝜎I is not required as the classification model implicitly assumes 𝜎I = 1. For the choice of 

the variance hyperparameter 𝜎fI, we set the default choice of k = 2, which corresponds to the 

interval with 95% coverage of the provided response values in the training set. This prior helps 

regularize the model by shrinking the tree parameters towards the center of the response’s 

distribution, in other words, shrinking towards the mean 0.5 (see Chipman et al. 2012 and 

Kapelner and Bleich 2013 for detailed descriptions of non-default applications).  

Next, the BART model is estimated with Bayesian backfitting MCMC algorithm by 

generating samples from a posterior and creating predictions based on prior and likelihood (see 

Chipman et al. 2012 and Kapelner and Bleich 2013 for implementation and a thorough 

discussion). At a general level, estimations are obtained by drawing successive samples from 

the induced posterior probability, fitting each tree iteratively to predict the outcome. Small 

incremental changes are made to the tree structures at each iteration by growing, collapsing, or 

splitting terminal nodes until the trees evolve to learn the structure of the data. The MCMC 

process generates a sequence of draws until convergence to the posterior distribution of the 

true model is reached. 
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 As a final step, the BART estimates from the previous step are poststratified with 

classical poststratification. The procedure for classical poststratification is carried out on 

BART estimates as described above for MrP. 

MrP and classical BART have some disadvantages. A widely known challenge of 

working with census data at the subnational level is the limited granularity of the census data. 

This highlights a notable weakness of MrP and classical BART as detailed census data in the 

form of true joints between all predictor variables are required. Subnational census data with 

true joints of other potentially useful poststratification variables such as marital status, 

education level, and income are often less available, particularly in developing countries. This 

limits researchers to the use of a few demographic variables, given the strict data requirements 

for MrP and classical BART. Further, the extension of potentially powerful predictors (e.g., 

partisanship and social trust) from non-census data, which are typically only available in the 

form of marginal distributions at the subnational level, is largely unavailable. 

 One additional drawback of poststratified BART is that relative to MrP, BART is more 

challenging to understand, and researchers might need to adjust parameters, such as defining 

the number of trees and calibrating the priors (Lipps and Schraff, 2021). However, the default 

model specification typically performs well and hyperparameter tuning (e.g., the practice of 

running multiple trials to select a set of optimal parameters for a learning algorithm to achieve 

the best performance) is not always necessary (Chipman et al. 2012).  

 Next, we turn to two alternative methods with synthetic poststratification that help 

overcome the challenge of sparse subnational census data: MrsP and BART with synthetic 

poststratification. Instead of relying on census data with true joint distributions for 

poststratification, these methods only require “synthetic” joint distributions, computed using 

data on the marginal distributions (see Table 3 for an overview of data requirements; Leeman 

and Wasserfallen 2017; Lipps and Schraff, 2021). A marginal distribution is the distribution of 
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each individual demographic variable, such as the gender distribution of a subnational unit 

where 45% of the population is female and 55% is male. In other words, the probability that a 

given person in a subnational unit takes on a specific value according to one demographic 

characteristic (e.g., a person living in a subnational unit that is aged 45-50). MrsP and synthetic 

BART are executed the same as their classical counterparts, except predictions are 

poststratified using synthetic joints on a set of demographic variables at the subnational level 

by multiplying the marginal distributions for those variables.  

 

Table 3 Data Requirement for MrP, MrsP, Classical BART and Synthetic BART 

 
Classical/ 

True Joint Distribution 

Synthetic/ 

Marginal Distributions 

MrP  Required   Not sufficient 

Classical BART  Required   Not sufficient 

MrsP  Not required  Sufficient 

Synthetic BART  Not required  Sufficient 

 

 

 Adding potentially powerful predictors of subnational differences might increase the 

predictive power of the models. For instance, age proved to be a powerful individual-level 

predictor in enhancing the prediction precision of estimating state-level political preferences in 

same-sex marriage questions in the US (Leeman and Wasserfallen 2017). Using MrsP and 

synthetic BART facilitates this, as researchers only need the regional marginal distributions of 

predictive variables to create synthetic distributions between all variables for poststratification, 

calculated by multiplying the regional margins for each category of predictors. The difference 

between true and synthetic joints is illustrated in Table 4, which displays the distributions of 

two binary variables, v1 and v2, as an example.  
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Table 4 Stylized Example of True and Synthetic Joint Distributions 

 

      v2 
v1 i=1 i=2 Total 

j=1 

j=2 

40% 

30% 

20% 

10% 

60% 

40% 

Total 70% 30% 100% 

(a) True Joint Distribution 

      v2 
v1 i=1 i=2 Total 

j=1 

j=2 

42% 

28% 

18% 

12% 

60% 

40% 

Total 70% 30% 100% 

(b) Synthetic Joint Distribution
 

Note: The values in percentages represent the relative share of each variable combination. (a) The value for each 
combination of variables is a true joint distribution. (b) The marginal distributions can be found in the margins, 
where the total column represents the marginal distribution of variable one and the total row represents the 
marginal distribution of variable two. 
 

Table 3a illustrates an example of a true joint distribution, where the values in percentage 

represent the relative share of each variable combination derived from data on the exact number 

of values per combination. Table 3b demonstrates an example of a synthetic distribution where 

the values in percentage represent the relative share of each variable combination as a product 

of the marginal distribution of each variable combination: v1 (60% and 40%) and v2 (70% and 

30%). For example, multiplying j=1 which has a marginal distribution of 60% and i=1 of 70% 

produces a synthetic joint between the variables of 42%.   

 When comparing Table 3a and 3b, it is apparent that the synthetic distribution only 

slightly deviates from the true distribution. Even in extreme cases, when the synthetic 

distribution deviates strongly from the true distribution, research finds that MrsP prediction 

using synthetic joints differ only slightly from MrP prediction (Leeman and Wasserfallen 

2017). The extent to which the estimates deviate depends on the degree to which the individual-

level variables are correlated. MrsP relies on the assumption that individual predictors are 

independent from one another, thus the higher the variables are correlated the greater the 

deviation. This points to a potential disadvantage of MrsP. However, Leeman and Wasserfallen 



 18 

(2017) find that in applied work, synthetic joints should not produce a large deviation in 

prediction unless the correlation is very strong (e.g., a level of 0.6 and over).   

 Additionally, there is an alternative technique to accommodate for correlation between 

individual-level predictors by computing synthetic joints based on the correlation structure of 

predictors from the survey data. Researchers can estimate “adjusted” synthetic joints by 

extending the available joint distributions from subnational census data for all available 

predicators to include information on an additional predictor where only the marginal 

distributions in subnational units are available.  

 For this technique, the first step is to correct the distribution of the additional predictor 

in the survey data according to the known marginal distribution at the subnational level. As a 

second step, these corrected relative shares are combined to the available true joint distribution 

data of the predictors with available census data to create synthetic joints between all variable 

combinations. Adjusted synthetic joints assume that the correlations between variables are the 

same across subnational units (see Leeman and Wasserfallen 2017 for a detailed description). 

We compute synthetic joints for our MrsP and classical BART estimations as improvements in 

prediction precision as adjusted synthetic joints tend to produce marginal effects (Leeman and 

Wasserfallen 2017). Studies comparing the performance of MrsP and synthetic BART to their 

classical counterparts find that the methods relying on synthetic poststratification tend to 

perform better than—or at least on par with—classical poststratification (Leeman and 

Wasserfallen 2017; Lipps and Schraff, 2021; Hoover and Dehghani 2019).  

 To illustrate, Leeman and Wasserfallen (2017) estimated public opinion at the canton-

level in Switzerland and the state-level in the US comparing the relative performance of MrP 

and MrsP finding that the prediction precision of MrsP using simple synthetic joints was at 

least identical to, if not better than, MrP. The elaborate version of MrsP performed only 

marginally better than MrsP with simple synthetic joints. Likewise, in analysis of subnational 
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public opinion across Europe comparing the relative performance of the four methods, Lipps 

and Schraff (2021) find that MrsP with left-right political preferences as an additional predictor 

and MrP without the additional predictor led to similar performance results. Additionally, their 

study revealed that synthetic BART with left-right political preferences as an additional 

predictor led to moderate improvements over classical BART without the additional predictor. 

In general, these studies suggest the relative advantage provided by methods with synthetic 

poststratification by way of leveraging additional predictors with predictive capacity or at least 

matching the performance of classical methods without a reliance on detailed data. 

 Turning to the relative performance of multilevel regression and Bayesian additive 

regression trees with or without synthetic poststratification, the prediction precision gains of 

BART with additional regional predictors are substantial in comparison to MrP and MrsP 

(Lipps and Schraff 2021). One explanation for improvements in prediction precision of BART 

compared to multilevel regression with poststratification is that the former requires minimal 

researcher intervention to avoid overfitting the data, whereas the latter requires more thoughtful 

model specification. BART is more flexible in terms of model building in that researchers can 

add several—at times potentially irrelevant—variables and BART will usually ignore 

irrelevant predictors. Additionally, BART can manage complex data and account for 

nonlinearities and discontinuities as well as deep interactions between many variables allowing 

for more nuanced analyses of subnational public opinion, such as vote outcomes and turnout 

of small demographic subgroups (Montgomery and Olivella 2018; Ghitza and Gelman 2013).  

 Taken together, this overview suggests that the relative performance of these four 

methods is still being debated. Additionally, previous research has not yet systematically 

compared the four methods by using the same number of predictors in all models. Thus we will 

test the performance of these four methods to create the Subnational Trust Database, and 

compare models that have the same set of individual-level predictors. This approach has the 
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dual advantage to contribute to the debate on methods performance, and to provide a systematic 

approach to estimate subnational political trust. 

 

Estimating Subnational Political Trust 

 

To estimate these methods, we need to choose predictors as indicated in the previous section. 

Previous studies with the geographical focus on western Europe have used five to six predictor 

variables in analyses using MrP and MrsP and as many as ten predictors in analyses using 

BART with or without synthetic poststratification (Lipps and Schraff 2019). Here we use five 

predictor variables available: two individual-level predictors (typically five-year age groups 

from 15 years onward with the last category usually being “85 years and older” and two 

genders), two subnational-level predictors (subnational unit and level), and one country-level 

predictor (country). While the use of a larger number of predictors could potentially improve 

predictions, as BART tends to favor the most relevant predictors to improve its fit and exclude 

those that are unrelated to the outcome (Chipman et al. 2010), the availability of predictors for 

a global dataset is limited, particularly in the developing world.8  

 The estimates for all four methods are generated by coding a binary variable, excluding 

missing values (see Appendix A for details on the recoding of responses to each survey 

question).9 This dichotomization has three main advantages in the context of our study. First, 

we are conceptually interested in subnationally aggregated measures of either trust or distrust, 

rather than covering the full span of survey questions responses. Second, the use of a binary 

variable helps to standardize the varying lengths of response scales across surveys. Third, the 

                                                
8 Although marginal distributions of predictor variables on the subnational level could be used for synthetic 
poststratification, even such data is lacking, and where data is available, it would to be too labor-intensive and 
time-consuming to collect and process for analysis of a global dataset on subnational trust.  
9 The statistical software R is used to compute the estimates for each method. For MrP and MrsP, the Generalized 
Linear Mixed-Effects Model “glmer” function from the “lme4” package is used. For BART, the Bayesian 
Additive Regression Tree Model “bart” function from the “BayesTree” package is used.  
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dichotomization enables us to use the four discussed methods without extensions, and thus to 

add cumulative knowledge on model performance.  

 We thus recoded to estimate the positivity and negativity of the response. Neutral and 

mid-points were always coded zero. As an example, for a response scale of no trust (0), a little 

(1), somewhat (2), or a lot of trust (3), this would be recoded as no trust to a little trust (0) and 

somewhat to a lot of trust (1) for positivity. For negativity, it is coded as follows: trust to a little 

trust (1) and somewhat to a lot of trust (0). There are survey questions with a binary response 

scale 0-1, response scales ranging from 0-3, and other surveys with larger scales that range 

from 0-7.  

  

Validating the Subnational Trust Measures 

 

Next, we select two particular surveys from our dataset to test the validity of the data. We 

choose the WVS7 and EVS5, which are two widely used cross-national datasets with global 

reach. We report select test statistics on model fit, which estimate how well a given model 

specification with independent variables. We use five predictors (age, gender, subnational unit, 

subnational level, and country) to fit the data, including subnational units in which samples are 

representative, and report select test statistics on model fit with marital status as an additional 

predictor for comparison.  

 Before engaging in model validation, we illustrate our full dataset, including 

unrepresentative subnational samples, in a descriptive mapping of confidence in select national 

and international institutions across two countries: Brazil and the US. While both countries are 

important players on the world stage, we wanted some variation in terms of including the US 

which qualifies as a liberal democracy, while Brazil is an electoral democracy (V-Dem 2021). 

Depending on the state of democracy, trust in national and international institutions might vary. 
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 Figure 1 illustrates the results from all four estimation methods, depicting box plots. Here 

we use our dataset including subnational units in which samples are both representative and 

unrepresentative. Box plots illustrate a sample using the 25th, 50th and 75th percentiles – also 

known as the lower quartile, median and upper quartile – and the interquartile range, which 

covers the central 50% of the data. We chose to estimate the percentage of Brazil and US 

citizens having a great deal or quite a lot of confidence in national government, the UN, and 

the World Bank, averaged across states, to determine whether the aggregated estimations have 

face value.  

 The results have face validity. When compared to Brazilians, US citizens have more 

confidence in their national government, while confidence ratings in the UN and in the World 

Bank are more similar, which is broadly in line with previous comparisons of national-level 

citizen confidence in these institutions (Dellmuth et al. 2022, ch. 3). Furthermore, the larger 

interquartile range in the case of US citizens’ confidence in national government indicates a 

greater spread of confidence values across US states than across Brazilian states. In contrast, 

there appears to be a greater spread of confidence in international institutions across states in 

Brazil than across states in the US. When it comes to the differences between the estimations, 

these are substantial. While MrP and MrsP estimations are similar to each other, these 

estimations differ from classical and synthetic BART10. Classical and synthetic BART differ 

slightly from each other. The MrP and MrsP estimations appear to produce estimates with a 

greater spread than BART. Moreover, MrP and MrsP estimations appear to generate values 

with lower values.  

 In Figures 2 (US) and 3 (Brazil), we use variation at GADM 2. GADM levels do not 

always map onto administrative divisions used in the census or survey, but are useful for 

depictions of the spatial variation. These figures underline that there is considerable variation 

                                                
10 Although the estimates look similar, there are differences in the decimals (see Appendix E). 
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in confidence in political institutions across subnational units in Brazil and the US. Moreover, 

BART does not generate consistently higher estimates than MrP or MrsP across all states. 

Taken together, these descriptive results suggest that the four estimation methods used generate 

substantially different results. Thus, we evaluate them more systematically in terms of their 

relative performance in turn. 

Previous studies have compared the prediction precision of MrP, MrsP, and BART 

estimation results using subnationally unrepresentative public opinion survey data to 

subnationally representative public opinion survey data with congruent questions and predictor 

variables. The predicted values of each method are compared to the mean survey values of 

subnationally representative survey data to evaluate how far the predicted values deviate from 

the subnationally representative data (e.g., Leeman and Wasserfallen 2017). This option is 

unavailable to us as a global sub-nationally representative public opinion poll does not exist at 

this point in time. To analyze the validity of our global dataset, we select subnational units 

where representativeness can be assumed from 9 (out of 10) of our selected surveys.  

We calculate the degree of over- or underrepresentation at the subnational level by 

dividing the proportion of survey respondents in a subnational unit by the proportion of 

population living in a subnational unit. We do this for the sample size, five-year age groups 

and gender for each regional unit. Using the age group 40-44 years as an example, the degree 

of over-or underrepresentation is calculated by dividing the proportion of survey respondents 

within the age group 40-44 years living within a subnational unit by the true proportion of 

people aged 40-44 years living within a subnational unit. Values less than 1.0 underrepresent 

the true population distribution, values greater than 1.0 overrepresent the true population 

distribution and 1.0 matches the true population distribution perfectly. We assume 

representative samples at the subnational level for all observations with degrees of over-or 

underrepresentation between 0.5 and 2.0.  
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Figure 1 MrP, MrsP, Classical BART and Synthetic BART Estimates on Trust in Brazil and 
the United States  

 

Note: Metric = Positivity (% of having a great deal or quite a lot of confidence). Database = Full 
Subnational Trust Database, predictions using WVS7 survey data and five-year age groups, gender, 
subnational unit, subnational level, and country as predictors. United States subnational units = 50 
states. Brazil subnational units = 23 states.  
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Figure 2 MrP, MrsP, Classical BART and Synthetic BART Estimates on Trust in the US 
 

 
 
Note: Cla. = Classic. Syn. = Synthetic. Metric = Positivity. Database = Full Global Trust Database, 
predictions using WVS7 survey data and five-year age groups, gender, subnational unit,  subnational 
level, and country as predictors. United States subnational units = 50 states.  
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Figure 3 MrP, MrsP, Classical BART and Synthetic BART Estimates on Trust in Brazil 

 

Note: Metric = Positivity. Database = Full Global Trust Database, predictions using WVS7 survey data 
and five-year age groups, gender, subnational level, subnational unit, and country as predictors. Brazil 
subnational units = 23 states. 
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Units that are sufficiently representative across all three categories (regional population 

distribution, regional age group distribution, regional gender distribution) and where at least 

half of the age groups are represented are coded 1 as sufficiently representative and 0 otherwise. 

We retain only the subnational units that are assumed to be representative for our analysis 

below. 

 To compare the relative performance of the four estimation methods, we show the mean 

subnationally representative values and the mean predicted values for levels of trust in national 

government, the United Nations, and the World Bank (Figure 4), and the prediction precision 

of each method for all trust indicators in 328 subnational units (Figure 5). In Figures 4 and 5, 

we focus on the regions surveyed in the WVS7 and EVS5 where representative subnational 

data is available using the dataset created and described above.11   

 To produce these figures, we calculate the following test statistics: Mean Absolute Error 

(MAE), Rooted Mean Squared Error (RMSE), Pearson’s correlation and Kendall’s correlation 

(following Toshkov 2015; Lipps and Schraff 2021; Leemann and Wasserfallen 2017; Hoover 

and Dehghani 2019). When using only age groups and gender as individual-level predictor 

variables, we find no real differences in predictive performance between the methods that use 

classical versus synthetic poststratification. MrP and MrsP both have a Mean Absolute Error 

(MAE) of 11.94 and 11.95 percent and a Rooted Mean Squared Error (RMSE) of 12.87 and 

12.88 percent respectively. Whereas classical and synthetic BART both have a MAE of 6.1 

percent and a RMSE of 7.15 and 7.16 percent respectively.  

This demonstrates the predictive power and precision that MrsP and synthetic BART 

have compared to methods that rely on detailed data.12 When only age and gender are used as 

individual-level predictors, BART with or without synthetic poststratification outperform both 

                                                
11 See the Appendix F for test statistics our predictions of trust measures using the other public opinion surveys 
where regions are assumed to be representative. 
12 Since we create joints between only two variables the deviation from the true joint distribution is small likely 
explaining this result.  
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MrP and MrsP, substantially increasing prediction precision by over 5 percent points. Here, 

estimations of correlations between covariates using Pearson and Kendall’s range from 0.63 to 

0.71, indicating strong correlation. The standard deviation of MAE is 9.59 and 9.57 percent 

and a RMSE of 10.91 and 10.90 percent for classic BART and synthetic BART, respectively. 

The standard deviation of MAE is 10.71 and 10.74 percent and a RMSE of 11.63 and 11.66 

percent for MrP and MrsP, respectively. 

 Figure 4 shows the mean subnationally representative values for levels of trust in national 

governments, the UN, and the World Bank, compared to the mean prediction values for the 

each of the four methods—MrP, MrsP, classical BART and synthetic BART. The synthetic 

and classical methods each have nearly identical predications. Additionally, BART outmatches 

the predictive capacity of MrP and MrsP here. The BART estimations are closer to the mean 

survey values, visible in the shape of the plotted values which fit closer to the 45-degree 

reference line for each indicator.  

 Figure 5 illustrates the prediction precision of each method with an ordered variable 

index, where MrP and MrsP have a MAE of 11.94 and 11.95 percent and BART with or without 

synthetic poststratification has a far lower MAE of 6.1 percent. This shows how well BART is 

able to maintain its good predictive performance relative to MrP and MrsP. Notice that the 

error values of MrP and synthetic BART overlap their classical counterparts, which illustrates 

their comparative performance. 
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Figure 4 MrP, MrsP, Classical BART and Synthetic BART Estimates of EVS5 and WVS7 
Values 

 

Note: Cla.=classical. Syn.=synthetic. Data=Subset of Subnational Trust Database, predictions using WVS7 and 
EVS5 survey data on 328 subnational units (across 47 countries) where subnationally representative data is 
available (see Section 4 Validation for a description). Predications are made using five predictor variables, 
country, subnational unit, subnational level, five-year age groups and gender. The 45-degree line is a reference 
line indicating perfect correspondence.  Trust in United Nations: MrP — RSME = 0.141,  r = 0.341, τ  = 0.318; 
MrsP — RMSE = 0.141, r  = 0.341, τ  = 0.319; Classical BART — RSME = 0.127, r =  0.356, τ  = 0.333; Synthetic 
BART —RMSE = 0.127, r =  0.35, τ =  0.315. Trust in World Bank: MrP — RMSE = 0.176, r = 0.549, τ  = 0.526; 
MrsP — RMSE = 0.177, r = 0.549, τ  = 0.526; Classical BART  — 0.117, r = 0.572,  τ  = 0.569. Synthetic BART 
— RMSE = 0.117, r = 0.565, τ  = 0.568. Trust in National Government: MrP — RMSE = 0.182, r = 0.473, τ  = 
0.408; MrsP — RMSE = 0.182, r = 0.473, τ  = 0.407; Classical BART — RMSE = 0.153, r = 0.496, τ  = 0.421; 
Synthetic BART — RMSE = 0.152, r = 0.497, τ = 0.431. 
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Figure 5 Prediction Precision of MrP, MrsP, Classical BART, and Synthetic BART 

 

Note: Cla.= classical. Syn.= synthetic. Order=Ordered variable index of all estimations of trust included in WVS7. 
Data= Data=Subset of Subnational Trust Database, predictions using WVS7 and EVS5 survey data on 328 
subnational units (across 47 countries) where subnationally representative data is available (see Section 4 
Validation for a description). Predictions are made using five predictor variables, country, subnational unit, 
subnational level, five-year age groups and gender. MrP: RMSE = 0.13, r = 0.64; τ = 0.587. MrsP: RMSE = 0.13, 
r = 0.64; τ = 0.587. Cla. BART: RMSE = 0.075, r = 0.675; τ = 0.619. Syn. BART: RMSE = 0.075, r = 0.675; τ = 
0.619.  
 

 

Next, we move forward with presenting the results of adding a third individual-level predictor, 

marital status, to estimate trust using WVS7 and EVS5 where representative subnational data 

is available for comparison. Adding marital status helps to test if it is an informative predictor 

for our models and it allows us to compare the relative performance of each method once again.  

 We do this to illustrate what the results are for the four methods when estimated with 

better data quality. To add marital status as a predictor variable, we create synthetic joints 

between marital status (with the following four categories: single/unmarried, married/union, 

divorced/separated, and widowed), gender (female/male) and five-year age groups (aged 15 to 

85 and over) for all category combinations. We illustrate the mean subnationally representative 
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values compared to WVS7 and EVS5 mean predicted values using MrsP and synthetic BART 

with and without marital status as an additional predictor when estimating levels of trust in the 

United Nations, World Bank and national governments (Figure 5) and the prediction precision 

of each for all trust measures in 328 subnational units (Figure 6). 

 Further, when adding marital status as an additional individual-level predictor, MrsP 

provides the average error rates of a MAE of 6.67 percent and a RMSE of 7.79 percent. This 

is a precision gain of roughly 5 percent points over MrsP without marital status as an additional 

predictor. BART with marital status as an additional predictor has an MAE of 6.4 percent and 

RMSE of 7.48 percent compared to BART without marital status as an additional predictor 

which has a MAE of 6.1 percent and RMSE of 7.15. That is, adding marital status as an 

additional individual-level predictor does not substantially improve predictive performance 

when applying synthetic BART, but does improve prediction precision when applying MrsP. 

Similarly, the correlation between covariates is as strong here as well, although marginally 

lower. The standard deviation of MAE is 10.73 and 9.57 percent and a RMSE of 11.66 and 

10.90 percent for MrsP and synthetic BART without marital status as an additional predictor, 

respectively. The standard deviation of MAE is 9.91 and 9.66 percent and the standard 

deviation of RMSE of 11.27 and 10.95 percent for MrsP and synthetic BART with marital 

status as an additional predictor, respectively. 

 Figure 6 illustrates the mean values from the WVS7 and EVS5 for levels of trust in 

national governments, the UN, and the World Bank, compared to the mean prediction values 

for the each of the synthetic poststratified methods— MrsP and synthetic BART—with and 

without marital status as an additional predictor. BART without marital status as an additional 

predictor provides the best fit, while BART with marital status performs relatively similarly. 
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Figure 6 MrsP and Synthetic BART Estimates and WVS7 Values, with and without Marital 
Status  

 

Note: Data=Subset of Subnational Trust Database, predictions using WVS7 and EVS5 survey data on 328 
subnational units (across 47 countries) where subnationally representative data is available (see Section 4 
Validation for a description). Predictions are made using five predictors (country, subnational unit, subnational 
level, five-year age groups and gender) and six predictors, where marital status is an additional predictor. The 45-
degree line is a reference line indicating perfect correspondence. Trust in United Nations: MrsP with 4 predictors 
— RMSE = 0.139,, r = 0.369, τ = 0.333; MrsP with 5 predictors — RMSE = 12.67, ,r = 0.355, τ  = 0.323; Synthetic 
BART with 4 predictors — RMSE = 12.83, r =  0.377, τ =  0.326. Synthetic BART with 5 predictors — RMSE = 
0.1300, r = 0.377, τ = 0.326; Trust in World Bank: MrsP with 4 predictors — RMSE= 0.182 r = 0.616,, τ  = 0.595; 
MrsP with 5 predictors—RMSE = 0.112, r = 0.586, τ  = 0.612; Synthetic BART with 4 predictors—RMSE = 
0.115, r = 0.611,, τ  = 0.628; Synthetic BART with 5 predictors  — RMSE = 0.119, r = 0.541,  τ  = 0.579. Trust 
in National Government: MrsP with 4 predictors — RMSE = 0.182, r = 0.453, τ = 0.385; MrsP with 5 predictors 
— RMSE = 0.150, r = 0.460, τ  = 0.7384; Synthetic BART with 4 predictors — RMSE = 0.149, r = 0.481, τ = 
0.412; Synthetic BART with 5 predictors— RMSE = 0.150, r = 0.453, τ  = 0.389. 
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 Figure 7 shows the prediction precision of MsP and synthetic BART with or without 

marital status as a third individual-level predictor with an ordered variable index. We find that 

adding marital status as an additional predictor has an improved performance effect for MrsP, 

allowing MrsP (MAE 6.67 percent and RMSE of 7.79 percent) to surpass MrsP without marital 

status as an additional predictor (MAE 11.95 percent and RMSE of 12.88 percent), 

Interestingly, adding marital status as an additional predictor does not improve prediction 

precision for synthetic BART (MAE of 6.4 percent and RMSE of 7.48 percent) compared to 

synthetic BART with only age and gender as individual-level predictors (MAE of 6.1 percent 

and RMSE of 7.15). This shows how well BART can sustain its predictive power with 

relatively few predictors and without exhaustive data. 

 

Figure 7 Prediction Precision of MrsP and Synthetic BART with and without Marital Status  

 

Note: Order=Ordered variable index. Data= Subset of Subnational Trust Database, predictions using WVS7 and 
EVS5 survey data on 328 subnational units (across 47 countries) where subnationally representative data is 
available (see Section 4 Validation for a description). Predictions are made using five predictors (country, 
subnational unit, subnational level, five-year age groups and gender) and six predictors, where marital status is an 
additional predictor. MrsP with 4 predictors: RMSE = 0.129, r = 0.678; τ = 0.626. MrsP with 5 predictors: RMSE 
= 0.078, r = 0.660; τ = 0.663. Syn. BART with 4 predictors: RMSE = 0.072, r = 0.709; τ = 0.656. Syn. BART 
with 5 predictors: RMSE = 0.075, r = 0.654; τ = 0.592. 
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Conclusions 

 

From climate change to health pandemics, the challenges of solving political problems 

confronting contemporary society are daunting, particularly when the political institutions 

addressing them are not trusted by general publics. To push forward the study of political trust 

in national and international institutions, this article has introduced the Subnational Trust 

Database, which for the first time includes subnational-level political trust measures that are 

comparable across countries worldwide. We propose to estimate these measures by using 

BART, as this method performs better than MrP and MrsP in the presence of small-n and 

unrepresentative survey data. This dataset has implications for political science research 

relying on subnational political trust measures, and especially for ongoing discussions in 

political economy, social legitimacy, and peace and conflict research.  

 Political economy research has increasingly explored the consequences of subnational 

socioeconomic conditions for subnational-level attitudes toward national and international 

governing institutions (Rodriguez-Pose 2018; Stein et al. 2020), including populist attitudes 

and voting behavior (Monnat and Brown 2017; Gavenda and Umit 2016; Schraff 2020). As 

this literature has predominantly focused on the EU or the US, our global-scale dataset can be 

used to promote cross-national research at world-scale on the relationship between subnational 

socioeconomic structures and political trust and related attitudes. 

 The study of social legitimacy in comparative politics and International Relations has 

focused on a variety of national (Gilley 2006; Esaiasson et al. 2016; Tyler 2006) and 

international institutions (Johnson 2011; Marks and Hooghe 2005; Dellmuth et al. 2022). This 

literature has a tendency to view the nation state to be the appropriate reference point for 

individual political beliefs. However, we know from other strands of research on American 

states and EU support that subnational beliefs vary greatly within countries (Leeman and 
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Wasserfallen 2017; Boniecki 2019). Subnational trust measures are useful to advance existing 

theories to also include subnational level trust for outcomes such as the success of UN 

peacekeeping (e.g., von Billerbeck 2017; Whalan 2017).  

 Finally, our findings could contribute to peace and conflict research on the performance 

of aid and disaster management. For instance, local subnational trust has been shown to be 

central for the success of humanitarian operations after extreme weather events (Petrova 2022; 

De Juan and Hänze 2021). While it is generally believed that trust in political institutions 

matters, it remains understudied due to data limitations. Further research is needed that 

connects subnational trust to the rich subnational datasets available on aid, disasters, and 

conflict (see von Uexkull and Buhaug 2021 for an overview). Our Subnational Trust Database 

is intended to inspire future studies pursuing this aim. 
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