[bookmark: _Hlk183561116][bookmark: _Toc305616047][bookmark: _Toc306634420][bookmark: _Toc320795767]Political Partisanship and State-level Bank Efficiency


Abstract

We examine the relationship between political partisanship and commercial bank efficiency in the United States over the period 1972–2020, assessing the persistent influence of political affiliations at the state and District of Columbia levels. Bank efficiency scores are estimated using a double-bootstrap approach, and the analysis is conducted within a Spatial Dynamic panel Tobit framework that controls for a broad set of banking and macroeconomic factors. The results reveal a significant effect of U.S. state and national elections on interdependent bank efficiency scores, providing robust support for the partisan theory in the context of U.S. banking over five decades. We find compelling evidence that Democratic victories at both the state and national levels are associated with higher state-level bank efficiency, even after accounting for bank-specific characteristics. Additionally, changing the political party in power every four years could enhance the efficiency of the U.S. banking system. These findings suggest that political change, rather than being purely disruptive, can act as a catalyst for efficiency improvements in the U.S. banking system. The results remain consistent across multiple robustness tests.

















1. Introduction 
In an increasingly competitive global landscape, the United States (U.S.) banking system remains a significant player, yet it is surprising how little we understand about the factors influencing its efficiency. There is a notable gap in the existing literature in quantifying how regional and federal political characteristics affect commercial bank efficiency, despite numerous studies demonstrating links between U.S. politics, the economy, stock prices, and bank performance or deregulation (Blinder and Watson 2016; Kempf and Tsoutsoura 2021; Kroszner and Strahan 1999; Papadimitri et al. 2021; Riley and Luksetich 1980). To the best of our knowledge, further research is needed to examine the role of both regional and federal political characteristics in shaping bank efficiency, particularly given the complex interplay between federal and state powers in the U.S., which often influences the regulation and performance of commercial banks. Rivlin (1991) argues that U.S. states should have clearer responsibility for most types of public investment, while the federal government should primarily oversee international economic and political affairs. Economic development, sometimes referred to as “industrial policy,” is thus expected to be a key focus of proactive governors and state legislative leaders. Other studies, such as Kroszner and Strahan (1999), examine the dynamics of deregulation, while others, such as Gropper et al. (2015), link state economic freedom to bank profitability. However, we argue that the discussion on bank efficiency may differ when considering the influence of dominant political parties—Democratic or Republican—at both the state and federal levels. As partisan politics in the U.S. evolve, with increasing polarization in societal beliefs along party lines (Bertrand and Kamenica 2018; Doherty 2017), it becomes increasingly important to assess their impact on commercial bank efficiency.

Our objective in this paper is to examine the role of state- and national-level politics in shaping U.S. bank efficiency across states and the District of Columbia. Specifically, we ask whether banks operating in states with Democratic or Republican political orientations exhibit different levels of efficiency. While a common assumption in the literature is that regulation reduces efficiency, evidence from the banking sector suggests that the opposite may also hold. For instance, stronger supervision—potentially associated with specific party control—can reduce risk-taking, non-performing loans, moral hazard, and information asymmetry, thereby improving cost efficiency and financial stability. A relevant example is the Dodd–Frank Wall Street Reform and Consumer Protection Act introduced under President Barack Obama. This reform strengthened underwriting standards and capital requirements, potentially reducing loan losses, while also enhancing transparency through stress testing and disclosure requirements. In addition, it may mitigate agency problems by promoting stronger compliance oversight and improved governance practices. 

Democratic policies may increase credit demand, thus influencing demand-side dynamics. Furthermore, government spending during Democratic administrations can stimulate local economic activity, which may improve bank performance through higher loan demand, lower default rates, and stronger deposit growth. There is also an indirect channel, as some studies suggest that Democratic administrations have historically emphasize countercyclical fiscal policy and stronger automatic stabilizers. The paper makes three important contributions to the existing literature on bank productivity and efficiency. 

First, we examine the relation between the outcome of the U.S. election and bank efficiency (Kempf and Tsoutsoura 2021; Papadimitri et al. 2021). Elections at both the state and federal levels affect banks’ inputs and outputs, such as deposits and loans. For instance, all commercial banks in the U.S. are required to be insured by the Federal Deposit Insurance Corporation (FDIC), with deposits generally insured up to $250,000 per depositor in each ownership category. Thus, our analysis sheds light on how policies at the state and federal levels influence bank inputs, outputs, and overall efficiency. Second, we examine bank efficiency at the state level rather than at the individual bank level. Focusing on 13 presidential elections over the period 1972-2020 in the U.S., we test for the response of bank efficiency to election outcomes at both the state and federal levels. To reduce the risk of an unrepresentative sample, we use data for all banks within each state rather than data for individual banks. For robustness, we also examine the relationship between U.S. election outcomes and bank efficiency at the bank level after excluding the ten largest mega-banks, as these institutions account for a substantial share of total banking assets and may disproportionately influence the results. Third, previous studies focused on efficiency scores (Matousek and Tzeremes 2016; Tsionas et al. 2018; Wanke et al. 2016) or used truncated regression in the second stage (Du et al. 2018). A problem in the traditional approach concerns the non-incorporation of knowledge spillover effects across regions. This can be best captured by invoking the role of ‘space’ where the greater ‘physical or geographic’ distance among banks is likely to capture declining spillover effects so much so that banks learn less and/or spillover of stochastic shocks does not affect much when the distance among banks across regions is greater. To accommodate the realistic possibility that banks learn from adjacent or geographically ‘closer’ banks and that such intensity of learning effects makes these banks more efficient over time, we have exploited spatial features among regions and used a family of spatial autoregressive models in the panel data to estimate our parameters. 
A motivation to design such a spatially-embedded paradigm comes from Duan et al. (2018; 2019), who exploited geographical distance among international real estate markets to demonstrate that ignoring ‘space’ from the traditional design of panel data estimation of macroeconomic-real estate price relationship actually suppresses the inevitability of knowledge spillovers through spatial interdependence. The context in our paper is different – the US banking sector, and here the spatial units are regions, rather than international markets as in Duan et al. (2018; 2019). We recognise that our setting has a powerful geographical dependence character as regions within a country are more spatially dependent than across countries (that is, for instance, countries share borders or engage via trade). Accordingly, in our paper, we build a spatial analogue of the banking production function that is correlated across regions and then derive a reduced form specification for a spatial panel data estimation. Specifically, we use a Spatial Tobit model to examine the effects of state and national elections on bootstrap efficiency scores. The Spatial Tobit model (STM) is chosen for two reasons. First, it is consistent with the literature on peer effects in exogenous social networks, where individuals maximize their utility within a framework that can be represented as a Nash equilibrium. Second, it is well suited to traditional econometric settings in which a significant portion of the dependent variable is censored at zero (Qu and Lee 2012).

[bookmark: _Toc305616048][bookmark: _Toc306634421][bookmark: _Toc320795768]The rest of the paper is structured as follows. The next section offers a summary of the earlier empirical literature on the effects of U.S. politics on the economy and banking system. Section 3 focuses on data characteristics and the measurement of bank efficiency. Detailed methodology and estimation issues are discussed in Section 4. Section 5 elaborates on empirical results. Finally, Section 6 presents the conclusion and its implications. 

2. Related Literature
In the U.S., the federal government has limited power over all states. State governments have the power to regulate within their state boundaries. State powers are also limited in the sense that states cannot make laws that conflict with the laws of the federal government. Utilising commercial bank data from the U.S. from 1970 to 1995, Kroszner and Strahan (1999) investigate private- and public-interest theories of regulatory change to analyse state-level deregulation of bank branching restrictions. The private-interest (economic) theory suggests that well-organised groups use the coercive power of the state to capture rents at the expense of more dispersed groups (Peltzman 1976; Peltzman et al. 1989; Stigler 1984). A wide range of regulatory interventions that are difficult to justify on public-interest grounds have been explained by this theory. In contrast, the public-interest theory of regulation posits that government intervention can enhance social welfare and correct market failures (Joskow and Noll 1981). While this theory helps explain welfare-improving deregulation, it is less effective in explaining the emergence of rules that restrict competition and generate limited welfare gains. Kroszner and Strahan (1999) find that deregulation is influenced by political-institutional factors, although these variables may also proxy for unobserved economic objectives. Republicans are typically perceived as more likely to favour deregulation than Democrats. Hence, states that are controlled by Democrats deregulate later than those controlled by Republicans. While their study focuses on the role of politics in bank deregulation at the state level, our study instead examines the influence of elections on bank efficiency at the state level.
Gropper et al. (2015) examine the performance of US banks from 1989 to 2010 in relation to state economic freedom. They discover a significant relationship between state economic freedom and bank profitability, as measured by return on assets (ROA). They reconfirm the finding of Gropper et al. (2013) and show that when a bank's headquarters is in a state where a U.S. Senator or Representative chairs the relevant banking committee in Congress, that state's banks earn much greater ROA. Efficiency defines the degree of effective utilisation of the factors of production, whereas profitability reflects the amount of profit a business creates from those factors. Based on data from 3,809 commercial banks from 1987 to 2002, Chortareas et al. (2016) claim that banks are more cost-efficient when operating in states with greater economic freedom. Higher bank efficiency may emerge from more freedom from governmental regulation in the financial and banking sectors. An important question in the U.S. banking sector is how “economic freedom” relates to national and state political structures and how it affects bank efficiency. Gropper et al. (2015) affirm that political connections may become more lucrative and more significant to banks and other heavily regulated companies if economic freedom continues to decline. However, this study only focuses on the relation between economic freedom and bank performance at the state level over a relatively short period (1989-2010). The role of dominant political parties—Democratic or Republican—at both the state and federal levels in shaping bank efficiency remains largely unexplored.

In the U.S., individual states and three federal agencies - the Federal Reserve, the Office of Comptroller of the Currency (OCC), and the Federal Deposit Insurance Corporation (FDIC) - regulate commercial banks. Firstly, the Federal Reserve Chair is appointed by the U.S. president from one of the seven members of the Board of Governors that make up the highest rank of the Federal Reserve. Secondly, the OCC is also appointed by the U.S. president and approved by the Senate, heads of the OCC. Finally, the FDIC is managed by a board of five directors who are also appointed by the U.S. president. Papadimitri et al. (2021) provide evidence on whether powerful politicians can exert influence on regulatory decision-making using data from U.S. commercial banks over the period 2000–2015. Their research indicates a negative correlation between political influence and the possibility of enforcement. They also demonstrate the likelihood that lawmakers with influence in Congress will be able to affect regulatory decisions. Unfortunately, Papadimitri et al. (2021) do not demonstrate the impact of elected parties via the presidential elections on bank efficiency. Like Gropper et al. (2015), this study neglects the roles of ruling Democratic or Republican parties at both the state and federal levels.

More conversations have shifted to favour "partisan theory”. In the U.S., partisan rivalry has spread to a wider range of subject areas, making it more ubiquitous (Brewer 2005). Party identity is currently a more important predictor of Americans' core political ideals than any other social or demographic distinction, including gender, colour, education, and religion, according to Doherty (2017). Similarly, Bertrand and Kamenica (2018) discovered that variations in social views by political ideology have grown in the U.S. during the 1970s. Hibbs (1977) was the first to advance this viewpoint on “partisan theory”, contending that the Democratic party has been warier of unemployment and less wary of inflation than the Republican party. Furthermore, compared to the Republican Party, the Democratic Party has prioritised the output goal over the goal of inflation and money creation (Alesina and Sachs 1988). Using data for 1949-2009, Comiskey and Marsh (2012) uncover that in terms of real economic growth and unemployment, Democratic presidential cycles appear to be stronger than Republican presidential cycles. Blinder and Watson (2016) explain that the performance of the American economy during Democratic and Republican presidential administrations differs significantly and consistently. On practically every measure, Democrats perform better. Regardless of how success is measured, when a Democrat rather than a Republican has been in office as president, the U.S. economy has performed better. The support for the Democrats is also found in Cahan and Potrafke 2021; Chappell and Keech 1986; and Gerber and Huber 2009. The relationship between bank efficiency and the ruling party has not been thoroughly studied, though. 

To the best of our knowledge, prior studies on U.S. politics have not adequately examined how presidential election outcomes, through the selection of political parties, affect bank efficiency at both the state and federal levels. The U.S. banking institutions were chartered, supervised, and regulated at both the state and federal levels. The impact of state and national policies on the inputs and outputs of bank efficiency (loans, deposits, securities, and number of employees) can therefore be determined by looking at election outcomes at the state and national levels. Economic conditions influence voting behaviour in presidential and congressional elections (Chappell and Keech 1985), and the policies of the elected presidents and administrations, in turn, affect fundamental macroeconomic factors (Alesina and Sachs 1988; Chappell and Keech 1986). Subsequently, the core components of financial institutions, including banking inputs and outputs, are influenced by these policies. There is a close connection between banking and politics. Liu and Ngo (2014) assert that governments impose constraints on bank licensing and chartering, establish institutions that act as lenders of last resort and providers of deposit protection, and often enact laws that limit banks’ propensity to take on risk. Their analysis is based on an unbalanced panel data of 22,230 U.S. commercial banks over the period 1976 to 2010. Finally, bank efficiency analysis deals with the relationship between inputs and outputs (Matthews and Thompson 2014). Our key contribution is to pinpoint the theoretical framework that best captures how state-level regulation in the United States from 1972 to 2020 has affected bank efficiency.
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	We utilise a balanced panel dataset that includes all commercial banks from 50 U.S. states and the District of Columbia over the period 1972 to 2020. Details of data sources are presented in Table 2. Input and output data of commercial banks at the state level are collected from the Federal Deposit Insurance Corporation (FDIC)[footnoteRef:1] while input and output data of commercial banks at the bank level are retrieved from Compustat. The U.S. presidential election results at the state and national levels are collected from the Massachusetts Institute of Technology Election Data – Science Lab (MIT)[footnoteRef:2]. We use aggregate data for all the banks of each state rather than bank-level data to reduce the risk of non-representativeness of the sample. [1:  https://www.fdic.gov/]  [2:  https://electionlab.mit.edu/data ] 

3.1.1. Dependent Variables: Measuring Efficiency Score
Efficiency is a relative concept where the transformation of inputs into outputs is seen as the performance of an economic unit against a standard unit. The non-parametric Data Envelopment Analysis (DEA) is a relatively flexible method that can account for multiple inputs and outputs (Assaf et al., 2011). In this study, we apply the two-stage DEA bootstrap procedure to estimate efficiency scores in the U.S. banking system. In the first stage, we estimate the bootstrap efficiency scores using bias-corrected constant return to scale (CRS) and variable return to scale (VRS). In the second stage, we examine the impacts of independent and control variables on the bias-corrected bootstrap efficiency scores. 
3.1.2. Independent Variables
SVOTE is included to show the impact of state political outcomes on bank efficiency[footnoteRef:3]. This is a dummy variable that equals 1 if the state votes for the Democratic Party and 0 otherwise[footnoteRef:4]. Table 1 illustrates the presidential election results for each state and the whole country from 1972 to 2020. In our research period, the District of Columbia had voted for the Democratic Party in all 13 presidential elections. Some states mainly favoured the Democratic Party, including Hawaii, Massachusetts, Minnesota, and Rhode Island. The Republican Party was elected by 49 out of 50 states in 1972 and 1984. Some states only voted for the Republican Party, including Alaska, Idaho, Kansas, Nebraska, North Dakota, Oklahoma, South Dakota, Utah, and Wyoming. In total, 30 states preferred the Republican Party in comparison, while 20 states chose the Democratic Party from 1972 to 2020.  [3:  SVOTE measures the political preferences of voters in each state, which can influence the broader political and policy environment in which banks operate, rather than the direct partisan control of state governments. Electoral outcomes may still shape expectations about policy direction, regulatory attitudes, and economic priorities, even when formal control of state institutions differs.]  [4:  U.S. elections have been dominated by the Democratic and Republican parties at both the federal and state levels.] 


According to its population, each state has a specific number of delegates. If a political party wins a state, it receives all the delegates from that state. A state will have more delegates the more people there are living there. The party that has the most electors wins all the state's electoral college votes. The first candidate to win enough states to get to 270 electoral votes becomes the President[footnoteRef:5]. When state-level elections are decided by voters rather than national ones, a party can receive the most votes nationally but still lose the electoral college. All but two states follow a winner-takes-all system[footnoteRef:6], meaning the candidate with the most votes receives all of the state’s electoral college votes. Since most states strongly favour one political party, attention typically focuses on a limited number of swing states where either candidate has a viable chance of winning. These are often referred to as battleground (or swing) states, defined as states in which election outcomes can be determined by relatively small shifts in voter preferences. These states are usually targeted by both Democratic and Republican parties. Conversely, states that typically favour one party are referred to as safe states because it is commonly believed that one candidate has a support base to secure victory without extensive campaign effort or expenditure.  [5:  The U.S. Congress is composed of 100 senators, with two representing each state, and 435 voting members in the House of Representatives. Under the 23rd Amendment to the Constitution, the District of Columbia has three electors and is treated as a state for Electoral College purposes.]  [6:  Nebraska and Maine do not follow this winner-take-all method. Instead, electoral votes are proportionally allocated. ] 


NVOTE is another dummy variable used to represent the outcome of the American presidential election. If the Democratic Party wins the federal election, it equals 1, and if the Republican Party wins, it equals 0. In the U.S. election, each state gets a certain number of electoral college votes based on its population. In 13 presidential elections from 1972 to 2020, the Democratic party won 6 times while the Republican party was elected 7 times (see Table 1). The American election schedule is determined by law externally. Since it has been held on the Tuesday following the first Monday in November since 1845, Election Day must come between November 2 and November 8. In even-numbered years, there are four years between presidential elections[footnoteRef:7]. Most states opt to hold their state-level gubernatorial elections concurrently with the federal elections (gubernatorial elections coincide with either presidential or midterm elections) (Liu and Ngo, 2014).  [7:  House of Representatives and Senate, two additional governmental offices, operate on a two-year cycle in even-numbered years (i.e., in presidential election years as well as midterm elections).] 


(Insert Table 1 about here)
3.1.3. Control Variables
The control variables include bank-specific and macroeconomic variables. Bank-specific variables are the logarithm of total assets (LNTA), non-performing loans over total loans (NPLTL), and total deposits over total assets (DOA). We incorporated the pandemic (COVID-19) to address the consequences of the recent catastrophe on bank efficiency. 

Bank size (LNTA) is measured as the natural logarithm of total assets. Larger firms might be more efficient as they can use more specialised inputs, coordinate their resources better, reap the advantages of economies of scale, and decrease the costs of gathering and processing information. Hence, there is a positive relationship between asset size and efficiency in the U.S. bank efficiency (Akhigbe and Nulty 2003; DeYoung and Hasan 1998; Le et al. 2020; Miller and Noulas 1996). We expect a positive relationship between bank efficiency and total assets.

The empirical literature has examined the relationship between bank efficiency and risk using several risk metrics based on balance sheet and market data. Non-performing loans (NPLs), which are a representation of credit risk, are the most prevalent type of balance-sheet risk. Berger and DeYoung (1997) use the Stochastic Frontier Analysis (SFA) technique to assess cost efficiency in the first stage. In the second stage, they examine the relationship using non-performing loans (NPLs). NPLs have the advantage of requiring less managerial discretion than charge-offs and loan loss reserves. NPLs have the advantage of requiring less managerial discretion than charge-offs and loan loss reserves. Using Granger causality techniques on a sample of U.S. commercial bank data from 1985 to 1994, they document a negative relationship between risk and efficiency. imilarly, studies such as Akhigbe et al. (2017), Akhigbe and McNulty (2003), DeYoung and Hasan (1998), Harris et al. (2013), and Le et al. (2020), which use loan loss reserves, reach similar conclusions. The ratio of non-performing loans to total loans (NPLTL) is therefore expected to be negatively related to efficiency.

The importance of deposits in relation to the bank's total assets is examined using the ratio of deposits to total assets (DOA). Akhigabe et al. (2017) show that a higher proportion of demand deposits relative to total deposits is anticipated to enhance profit efficiency, as these deposits represent a low-cost source of funds. In contrast, the share of large deposits (over $100,000) in total deposits is expected to have a negative coefficient, reflecting the higher cost associated with these funds. Khan et al. (2020), using a sample of 3,697 U.S. banks over the period 2002–2010, find that deposits are positively associated with bank efficiency scores. On the other hand, Harris et al. (2013) find that deposits show a significant negative relationship with the efficiency score. In this study, we anticipate that the ratio of deposits to total assets may exhibit either a positive or negative correlation with the efficiency score.

Finally, we include variables to examine the relationship between bank efficiency and the COVID-19 pandemic in 2020. The global health crisis caused significant financial market volatility and heightened uncertainty among market participants. Berger and Demirgüç-Kunt (2021) note that banks were also adversely affected by COVID-19, particularly due to the financial distress faced by their clients. Concerns that disruptions in the real economy would lead to widespread bank failures and a broader financial crisis were well founded. Loan losses from businesses and households unable to meet their debt obligations may have weakened bank capital positions. In response, the Federal Reserve announced in June 2020 that it would restrict dividends and prohibit stock buybacks by major banks as a precautionary measure, with these restrictions being lifted in December 2020. Heitmann et al. (2023) further show that COVID-19 is associated with declining profitability, reduced cost efficiency, and a lower ratio of level 3 assets to securities, based on quarterly data from 87 major U.S. banks over the period 2017–2021. Accordingly, we expect this variable to have a negative effect on bank efficiency.

(Insert Table 2 about here)
[bookmark: _Toc305616053][bookmark: _Toc306634430][bookmark: _Toc320795773]3.1.4. Input and Output Specification
There are two main approaches to the input and output specification of financial institutions, that is, the production approach and the intermediation approach (Sealey and Lindley 1977). According to the production theory, banks handle deposits and loans to create accounts of varying sizes, incurring labor and capital costs in the process. Operating expenses are used to measure inputs, and the number of deposit and loan accounts is used to assess output. The intermediation approach views banks as entities that convert deposits and borrowed funds into loans and other assets. Inputs are represented by total operating costs, interest expenses, and deposits, while output is in monetary terms.

[bookmark: _Hlk212038761][bookmark: _Hlk212038884]These two approaches have been applied in different ways depending on the availability of data and the purpose of the study. We follow the intermediation approach classified by Berger and Mester (1997) as the U.S. banking system behaves as the transformer of deposits and purchased funds into customer loans and other loans. This choice is also due to the availability of data. All the data are indices of aggregated state in year . Inputs are (i) staff, measured by the number of employees; (ii) customer deposits, which are described as total deposits from individuals, partnerships, and corporations; and (iii) purchased funds are deposits from the U.S. government, states, and political subdivisions, and other deposits. Outputs include: (i) real estate loans: all loans from the real estate market; (ii) other loans, which are agricultural, commercial, individual, state, and other loans; and (iii) securities (Berger and Mester, 1997). Table 3 reports the characteristics of selected inputs and outputs (mean, median, standard deviation, minimum value, maximum value, and the number of observations).

(Insert Table 3 about here)
3.2. Measuring Bank Efficiency:  Two-stage Bootstrap Procedure
Bootstrap two-stage procedure (Simar and Wilson 1998; Simar and Wilson 2007) has been widely used to estimate bank efficiency (Du et al. 2018; Wanke et al. 2016). Consider the ith state with outputs and inputs yi, xi (that are all positive) the output-oriented DEA efficiency score is determined by the solution of the problem below (Banker et al. 1984; Charnes et al. 1978).

 	(1)
A measure of  indicates that banks are technically efficient at the state level, and inefficient if . The DEA efficiency score given assumes a variable return to scale (VRS), but we can impose a constant return to scale (CRS) by removing the constraint . The true efficiency score, , is not observed directly, it is empirically estimated. To implement the DEA bootstrap approach, we assume that the original data are generated by a data-generating process that can be replicated by constructing a new (pseudo) dataset based on the original data. We then re-estimate the DEA model using this new dataset. By repeating this process 2000 times[footnoteRef:8],  we can derive an empirical distribution of these bootstrap values (Du et al. 2018). One hundred bootstrap replications are used to compute the bias-corrected estimates . The bootstrap efficiency scores,  , obtained in the first stage are regressed on explanatory variables in the second stage. The second stage regression is given by:  [8:  This number of bootstrap replications is used to construct estimated confidence intervals. Confidence-interval estimation is tantamount to estimating the tails of distributions, which necessarily requires more information.] 

				(2)
where is state i’s bias-corrected bootstrap efficiency scores (CRS and VRS) in period t;  is the independent variables (SVOTE and NVOTE), while bank-specific and risk variables are . Finally,  is the state-year-specific error term.
3.3. Constant Return to Scale (CRS) versus Variable Return to Scale (VRS)
The CRS and the VRS models are the two most important DEA models. The CRS was developed by Charnes et al. (1978) to assess overall efficiency. To determine the pure technical efficiency based on the size of operation in the unit necessary to provide services to beneficiaries at the time of measurement, Banker et al. (1984) developed the VRS model, which is based on the CRS model. They presumptively believe that efficiency and particular operation size are related. These models will be used to calculate the CRS and VRS efficiency scores for each decision-making unit (DMU), also known as the overall and pure technical efficiency scores. For the size of the DMU, constant return to scale (CRS) assumes that output variation is directly proportional to input variance. For a set of DMUs with a vast scale of operations, the CRS might not be appropriate. The variable return to scale (VRS) model assumes that changing inputs does not result in a corresponding change in output; therefore, when a DMU is expanded, its average cost either decreases or increases. When the sample consists of small to large DMUs, the VRS approach is more appropriate than the CRS approach. The likelihood that banks may experience non-constant returns to scale increases with banking system development, which is another reason why the VRS approach is preferred over the CRS. In addition, the VRS permits banks to depart from the CRS line, which is thought to be an ideal scale operation, in response to issues including imperfect competition, legal requirements, credit and loan restrictions, and macroeconomic repercussions. Only when all banks are operating at their optimal scale is the CRS appropriate. Yet, a bank might not operate at an ideal size if imperfect competition occurs. In this study, we present the results obtained with the VRS model. In addition, the CRS model findings will be displayed as robustness tests.  
3.4. Measuring Bank Efficiency: Stochastic Frontier Analysis (SFA)  
To assess the robustness of our results, we also employ Stochastic Frontier Analysis (SFA). Following the conventional SFA framework in production efficiency, we model a single output as a function of multiple inputs (Beccalli et al. 2015; Reinhard et al. 2020). To accommodate this structure, we use Principal Component Analysis (PCA) to combine our three output variables—real estate loans, other loans, and securities—into a single composite measure, which is then incorporated into the SFA model. For ease of interpretation, we specify the production function in the Cobb-Douglas form (Aigner et al. 1977; Meeusen and Van Den Broeck 1977; Reinhard et al. 2000).

				(3)

In the equation,  represents the natural logarithm of the output, which is a composite measure derived from real estate loans, other loans, and securities using Principal Component Analysis.  denotes input j, which includes staff, customer deposits, and purchased funds. These inputs and the composite output are used to estimate efficiency scores using the DEA double bootstrap approach. The composite error term is defined as , where  represents random statistical noise, and  captures one-sided technical inefficiency. The technical efficiency score (SFA) for state i in year t is given by:
				(4)
The SFA score represents the technical efficiency of banks at the state level, ranging from 0 to 1. It indicates how closely banks operate relative to the maximum attainable output. A higher SFA score reflects greater technical efficiency, meaning less output is lost due to inefficiency (Meeusen and Van Den Broeck 1977). To examine how independent variables, such as SVOTE and NVOTE, influence technical efficiency, we employ a Spatial Tobit model as outlined by Qu and Lee (2012).
4. Model and Estimation
[bookmark: _Toc305616059][bookmark: _Toc306634435][bookmark: _Toc320795776][bookmark: _Toc272941018][bookmark: _Toc273357403]4.1. Model
In both economic and geographic space settings, agents interact dynamically, and this setting captures the dynamic flow of knowledge exchanged by actors. For instance, banks in the same region can share knowledge about proven mechanisms to achieve efficiency. The closer the banks are in geographic space, the greater the probability that they share niche knowledge. The same happens in the relational space as well. Therefore, ‘space’ becomes an integral part of our attempt to characterise bank efficiency. In this section, we first present a theoretical framework to demonstrate how ‘spatial frictions’ (that is, the cost, time, and effort required to overcome the distance between two geographical points, which impede the movement of information) dictate the extent to which political vote share and macro-economic factors affect co-movements of bank efficiency across regions. This theoretical framework will then form the foundation for our empirical equation showing the relationship between bank efficiency and financial/firm-specific and political factors.  

Our theoretical setting broadly draws on Duan et al. (2018; 2019), contextualised for efficiency dynamics in commercial banks across US states. Like any spatial framework, we assume here that bank efficiency is spatially correlated; in other words, we say that the magnitude of efficiency of bank i in region 1 at time t is correlated with bank j in region 2, both at time t, and t-1. As noted earlier, among important spatial interlinkage channels, the spillover of knowledge is one such mechanism, as emphasised vigorously in economic geography literature. With greater distance (geographic or relational or both), the speed and the magnitude of spillover can get smaller. Due to the financial nature of operations, banks would not wish to condition their operational and production efficiency on another bank. Rather, the locational externalities of a bank’s positioning can facilitate spillover of knowledge, more so to the ones that are ‘close’ geographically rather than to the ‘distant’ ones. We put these contexts in our model design, described below. In the model presented below, therefore, we wish to capture learning-by-doing and externalities determined by the closeness and distance of banks, considered from both locational and relational dimensions. The learning effects are moderated by financial and/or political controls.

To describe our model, assume for generality that there are N locations (US regions, in our case) indexed by i = 1, …, N. The efficiency of a bank (denoted by, ) in region i can be driven by several factors, such as the vote share (state or national) (denoted by, ) and financial/firm-specific or political  controls (denoted by, ). We can then represent the efficiency of a bank in a region, i, as a Cobb-Douglas function with weights α and (1− α) for  and  respectively:

		             	             		 (5)

where Ai(t) is a mechanism that transforms  and into efficiency gain. Assuming that exogenous shocks (such as climate disasters) can affect (US) regions symmetrically, we can write   /  (denoted as ) as the ratio of the variations of vote shares to changes in macroeconomic conditions. Specifically, we define Ai(t) as:

 			                    	 (6)

Externalities from financial frictions, transmission, and learning-by-doing for each bank in each region are captured by 0 < δ < 1 in Equation (6). The cross-region efficiency is captured by the parameter 0 < β < 1. The interdependence among banks and regions is not perfect due to the presence of possible frictions between region i and other regions j ≠ i, captured by Di,j. The values of Di,j (ranging between 0 and 1) measure the strength of the relationship or distance among regions - the greater the strength, the bigger the magnitude of spillover. Finally, we note as well that . 


Taking natural logarithms on both sides of Equation (6), suppressing i, j, and t and denoting ln(Ai (t)) as A, ln((t)) as , ln(i(t)) as , βDi,j as βD and ln( as A, we can re-express Equation (6) in compact form as follows:
 		                        	             	              (7)

Re-arranging common terms (i.e., A and the βDA on the left side of Equation (7)), we obtain  (assuming that |IβD| ≠ 0 and |β| < 1). Replacing  in Equation (5) and re-grouping terms lead to the following Equation (7) for state i.

                                                               (8)
Where:
                                                    			                                        (9)
                                                    			                                                    (10)

Equation (8) is a representation of spatial heterogeneity in the parameters of the Cobb-Douglas function.  (in equations (9) and (10)) represents elements of row i and column j of the distance matrix D, raised to the power r.  For spatial externalities to be significant, we must have δ > 0. Equation (8) has an important implication: when region i enhances its strength of macro fundamental and financial assets, the aggregate return in terms of efficiency gains across all regions is ui,i. However, when all regions simultaneously become resilient to changes in macroeconomic fundamentals or changes in political conditions, the efficiency  returns are elevated to ui,i  + .  Equation (8) can be estimated empirically. We discuss the formulation below.

4.2. Econometric Specification and Estimation Issues
Following our earlier notation, let’s denote by {t} = {(1,t, …, N,t)’}  the bank efficiency of region i, i = 1,...,N, in period t, t = 1,...,T. Each region i is associated in each period t with a location represented by a point si,t in the k-dimensional space. The distance between two regions i and j in period t, the Dt (i,j), is then defined as Dt (i,j) = ||si,t − sj,t||, where || || represents the Euclidean distance. The distances are such that Dt (i,j) = 0 if and only if i = j. We now describe two empirical specifications below:

Spatial panel fixed effects error model:

		                    (11)
                                        i = 1, …, N; t = 1, …, T; k = 1, …, K; i ≠ j.    
Spatial Durbin model (SDM) with individual fixed effects:

                              i = 1, …, N; t = 1, …, T; k = 1, …, K; i ≠ j.    

α is the constant parameter vector. βk and  are the coefficients for the vector of independent variables Ck,t and their spatially weighted forms Wi,j Ck,t, respectively. θi and νt are space-specific and time-period-specific effects, respectively. εi,t is the error term which is identically and independently distributed. Wi,j denotes the spatial effects between regions i and j in a distance matrix form. In our analysis, we use the geographical distance matrix between pairs of regions to formulate this spatial effect Wi,j. Thus, the spatial interactions include endogenous interactions () or exogenous interactions (). Note as well that ρ is the coefficient for endogenous spatial interactions. 

The above specifications might suffer from possible endogeneity bias; for instance, bank efficiency scores might be correlated with other unobserved economic variables. A strategy to overcome such a bias is necessary to guarantee consistent and unbiased estimates of the parameters (see Fingleton and Le Gallo 2010). Particularly, in our context, this can be resolved by adding both contemporaneous spatial endogenous and exogenous lags to the estimated model. In terms of parameter identification, Lee and Yu (2016), however, doubt the validity of the identification strategy in the dynamic SDM arguing that the effect of spatial lag of the dependent variable (WYt) cannot be identified in the presence of both spatial independent (WXt) and spatially weighted temporal lag of the dependent variables (WYt−1) (Anselin et al. 2008). Instead, they demonstrate that model parameters in the dynamic SDM are identifiable by either GMM or quasi-maximum likelihood (ML). 
The SDM offers unbiased and consistent estimation irrespective of the real data-generating process (either SAR or SEM) (Elhorst 2010). Moreover, it distinguishes the explanatory power of the exogenous variables not only within spatial boundaries (direct effect) but also across spatially contiguous locations (indirect effect). Elhorst (2010) demonstrates that the non-spatial model seriously biases the coefficient estimations and is unable to shed light on the indirect effects (spatial spillover effects) from spatially neighbouring units. As well, SDM enables us to account for not only spatial dependencies but also spatial heterogeneity across spatial locations by incorporating both spatially lagged dependent variables and spatially lagged independent variables. Fifth, in terms of the endogeneity problem (which is typical in an empirical context such as ours), the SDM helps ameliorate endogeneity issues and omitted variable bias.[footnoteRef:9] In our estimation, we employ a series of likelihood ratio (LR) tests, as in Elhorst (2010), to examine if the SDM is our preferred specification among a set of competitive spatial panel models. [9:  Fingleton and Le Gallo (2010) point out that the particular endogeneity problem due to omitted variables can be accounted for by the SDM specification due to the inclusion of both spatial lagged dependent and independent variables.] 


We can use OLS as the benchmark specification so that a comparison of coefficients from the more robust estimation procedures can be made. Our preferred estimation technique is the maximum likelihood method (ML), as this is a well-known estimation method defined for a well-behaved likelihood function of the relationship between dependent and explanatory variables.[footnoteRef:10] Moreover, the ML method is known to overcome the problem of the imprecise and inappropriate coefficients produced by the OLS method while estimating the (dynamic) spatial panel model (see, for instance, Anselin and Hudak 1992; Lee 2004; Yu et al. 2008, among others). Furthermore, the ML method applied to our SDM specification provides us with consistent estimates of coefficients when the numbers of both periods and spatial units are large (Yu et al. 2008).[footnoteRef:11] Bias corrections of the estimated coefficients can also be measured and can be used to adjust the deviations in the initial ML estimators. In addition, estimating the spatial panel model by the ML technique allows practitioners to investigate if the specific group of estimated coefficients is jointly significant by using the likelihood ratio (LR) test. This imposing property of the ML method is important for identifying the right model specification, determining thereby if the selected spatial panel model (i) is static or dynamic and (ii) SAR, SDM, or SEM. [10:  This method has been extensively applied in the estimation of the spatial panel model (see, for instance, Bao and Ullah 1975; Elhorst and Freret 2009; Lee 2004; Lee and Yu 2016; Ord 1975).]  [11:  Yu et al. (2008) build a bias-corrected quasi maximum-likelihood (QML) estimator to estimate a dynamic spatial panel model with spatial fixed effects. This estimator can be constructed by the Stata command “xsmle” (Belotti et al. 2017). Moreover, “xsmle” treats the dynamic terms, viz., temporally spatial lagged dependent variable (WijYit−1) and temporally lagged dependent variable (Yit−1), as the predetermined variables. A bias-corrected ML technique (i.e., quasi maximum likelihood (QML)) can be used for the purpose (Yu et al. 2008). For simplicity, we use the terms ML and QML interchangeably throughout the paper.] 

An alternative method is to use an instrumental variable regression (IV /2SLS) approach. In general, the estimators of either the ML or the IV/2SLS for the spatial panel model can be reliable if specific assumptions of each method are satisfied, viz., consistent and asymptotically distributed estimators for the ML method (Kelejian and Prucha 1998) and correlated explanatory variables for the IV/2SLS method (Lee 2004). We do not employ the IV/2SLS method in our estimation because, despite its potential to eliminate endogeneity, it still fails to account for issues such as the effects of additional endogenous variables in the regression (Fingleton and Le Gallo 2010). Moreover, the specification of the SDM in Fingleton and Le Gallo (2010) not only contains spatial endogenous and exogenous interactions but also adds spatial residual interactions, which may further cause the problem of parameter identification raised by Manski (1993). Finally, in contrast with the ML method, the IV/2SLS method could not contribute to the joint significance test of the regressors (Kelejian and Prucha 1998). For these reasons, we choose the ML estimation method for our SDM specification[footnoteRef:12]. [12:  The literature also suggests that the partial derivative (PD) estimation of the SDM parameters can shed new light on interpreting different types of parameters (direct/indirect effects of independent variables). Also, it can test the hypothesis of whether spatial spill-over effects exist in the tested empirical specification. Distinct from the classical point estimates, the PD method overcomes the typical problem of invalid comparisons of point estimates from various spatial regression models, implying that changing model specifications might lead to heterogeneous inferences (see LeSage and Pace 2009), for exhaustive discussions of the properties of this method. In addition, the PD method provides us with both long-term and short-term direct/indirect effects of independent variables. A challenge concerning SDM is the interpretation of the dynamic terms in the model. Tao and Yu (2012) stress the necessity to add a spatially weighted temporal lag of the dependent variable (WYt-1) in the SDM model because this term can account for either policy adjustments or inter-temporal budget constraints. Its omission may result in serious bias in estimations. The general empirical finding is that this WYt-1 can give rise to an estimated negative coefficient, which is sometimes hard to lend a sensible empirical interpretation to. Following Tao and Yu (2012), the negative coefficient may arise when the coefficients of both contemporaneous spatial (WYt) and temporal (Yt-1) lags of the dependent variable are jointly positive. In our empirical investigation, such a situation may arise. We provide both statistical and empirical interpretations of this result.
] 


In terms of a location, the direct effect refers to the averaged (own-partial) derivative of Y with respect to explanatory variables, X, from the same location. The indirect effect, also termed the spatial spillover effect, refers to the averaged (cross partial) derivative of Y with respect to explanatory variables, X, from the neighbouring locations. According to Blanchard et al. (1992) and De Groot and Elhorst (2010), by using the PD method, it is possible to characterise the error correction process so that one can envisage how an economy adjusts back to its long-term equilibrium over time. To summarise, with respect to the estimation method of the dynamic SDM, we employ the ML method to estimate our main model. It will also help us compare our work with the existing literature, which invariably applies the ML method for estimation. In addition, the PD can be regarded as an alternative method to check whether the direct/indirect effects of the independent variables obtained from the ML estimation are robust or not.
4.3. Choice of Regression Approach: Spatial Tobit Model (STM) 
Due to the nature of the distribution of our dependent variable (bank efficiency score) where we have lower and upper limits, we have employed the spatial version Tobit model, which is expressed as:
				(13)

and the “latent spatial lag Tobit model”, which is expressed through the latent variable у, - defined by the Equation:

			(14)
In Equation (14), yi captures or the efficiency scores as in Equation (11). Qu and Lee (2012) demonstrate that the spatial lag Tobit model can be motivated by two distinct branches of microeconomic theories. The first is the literature on peer effects from an exogenous social network in which the model represents a Nash equilibrium where each maximises their utility. The second is related to the standard econometric modelling in cases where a large share of data can be zero.
5. Empirical Results 
5.1. Univariate Analysis
Table 4 displays the average bootstrap bank efficiency scores of each state and the District of Columbia over the period 1972 to 2020, assuming constant returns to scale (CRS) and variable returns to scale (VRS) estimations. Figures 1 and 2 present CRS and VRS scores for 50 states and the District of Columbia from 1972 to 2020. Fig. 3 shows Kernel Density Estimation for both CRS and VRS scores. None of the states are on the efficient frontier (with an efficiency score of 1) during our sample period. All the bias-corrected CRS and VRS scores are lower than the original CRS and VRS scores. While some states are more efficient in certain years the average scores over the whole period indicate that all banks are relatively inefficient.

The average original efficiency score for the whole system is 0.49, assuming constant returns to scale and 0.61, assuming variable returns to scale. From these initial estimates, we apply Simar and Wilson’s (2007) method. The average bootstrap efficiency score for the whole system is 0.44, assuming bias-corrected bootstrap constant returns to scale (CRS) and 0.59 assuming bias-corrected bootstrap variable returns to scale (VRS). All the U.S. states have lower bootstrap constant return to scale efficiency scores than 0.55, except for Alaska, while 26 states achieve variable return to scale efficiency scores higher than 0.55. The VRS score measures pure technical efficiency, reflecting management skills. VRS’s average score is higher than that of the CRS, which measures overall technical efficiency. 
Table 5 presents the bootstrap efficiency scores of the U.S. banking system over the period 1972 to 2020, assuming constant returns to scale (CRS) and variable returns to scale (VRS). All the bias-corrected CRS scores are lower than VRS scores. The bias-corrected constant return to scale efficiency scores (CRS) fluctuated between 0.3 and 0.5 from 1972 to 2020. On the other hand, the bias-corrected bootstrap variable return to scale efficiency scores (VRS) were between 0.4 and 0.5 from 1972 to 1990. Then, efficiency scores increased to 0.5-0.6 from 1991 to 2020. The range of efficiency score is marginally consistent with Feng and Zhang (2012) and Al-Khasawneh et al. (2020). 

(Insert Tables 4 & 5 about here)
(Insert Figures 1, 2, 3 about here)

We employ the bootstrap Data Envelopment Analysis (DEA) frontier method to estimate bank efficiency scores following constant return to scale (CRS) and variable return to scale (VRS). However, when a sample's decision-making units (DMUs) range in size from small to large, the VRS technique is preferable to the CRS approach. Only when all DMUs function at their optimal scale is CRS appropriate. Hence, the VRS results are preferred for inference. Fig. 4 illustrates cross-sectional average between CRS and SVOTE and NVOTE while Fig. 5 represents cross-sectional average between VRS and SVOTE and NVOTE.

(Insert Figures 4 & 5 about here)
5.2. Results: SAR and SDM Models

The results in Table 6 show regressions between independent and control variables with bootstrap variable return to scale efficiency scores (VRS). The Spatial Autoregressive model (SAR) is used to examine the relation between bootstrap efficiency scores and independent and control variables. The results from adjusted efficiency scores show that state vote (SVOTE) is positive and significant suggesting that U.S. commercial banks become more efficient when states vote for the Democratic party. We find that the national vote (NVOTE) is insignificant. Regarding the bank-specific variables, total asset (LNTA) is positive as anticipated. In every model, non-performing loans over total loans (NPLTL) and COVID-19 are both negative as expected. Total deposits over total assets (DOA) are not significant. Table 7 displays the outcomes of the Spatial Dynamic model (SDM). The results from adjusted efficiency scores show that the state vote (SVOTE) is positive and significant while the national vote (NVOTE) is insignificant in all the models. Non-performing loans over total loans (NPLTL) is negative, like the Spatial Autoregressive model (SAR). As expected, total assets (LNTA) contribute positively to efficiency scores. Total deposits over total assets (DOA) and COVID-19 are not significant.

(Insert Tables 6 & 7 about here)
5.3. Results: Spatial Tobit (STM) Specification
[bookmark: _Hlk205764843]Table 8 presents estimations using the Spatial Tobit model (STM). For interpretation, the STM is preferred. The results clearly show that state vote (SVOTE) and federal vote (NVOTE) are statistically significantly related to bank efficiency in the model when variable return to scale (VRS) is the dependent variable. SVOTE shows coefficient at 0.0153 while NVOTE indicates coefficient at 0.0169.  This strongly suggested that U.S. commercial banks become more efficient when state and federal votes favor the Democratic party. If the Democratic party wins both state and presidential elections, banks are also more efficient than when the Republican party controls the state and federal powers. This result is in line with earlier research on the beneficial effects of Democrats on the U.S. economy following “partisan theory”. Democratic leadership may create an environment more conducive to stable and efficient banking (Alesina 1988; Blinder and Watson 2016; Chappell and Keech 1986; Hibbs 1977). Our findings support the "partisan theory" which holds for the U.S. economy as well as bank efficiency.
Among bank-specific characteristics, total assets (LNTA) have a positive relationship with bank efficiency, as larger asset bases may enable banks to benefit from economies of scale. When such scale economies exist, larger banks can operate more efficiently by spreading fixed costs over a broader range of activities and resources. The results from both the Spatial Dynamic model (SDM) and the spatial autoregressive model (SAR) under the VRS specification support this expectation. These findings are consistent with prior studies, including Akhigbe and McNulty (2003), DeYoung and Hasan (1998), Khan et al. (2020), and Miller and Noulas (1996), which document a positive association between bank size and efficiency. Nonperforming loans over total loans (NPLTL) reduce bank revenues and increase loan monitoring expenses, which indicates that larger levels of problem loans are associated with lower levels of profit efficiency. Poor loan performance is indicated by many non-performing loans. The result on NPLTL for the VRS model is also confirmed by the SAR and SDM methods. The result concurs with previous studies (Akhigbe and McNulty 2003; Berger and DeYoung 1997; DeYoung and Hasan 1998; Harris et al. 2013). In the models where SVOTE and NVOTE are independent variables, respectively, the coefficients of NPLTL are -6.2450 and -6.3256. Total deposits over total assets (DOA) have a negative relationship with efficiency (Harris et al., 2013). SAR (insignificant) and SDM (positive) models do not agree with the results; nonetheless, the Spatial Tobit model (STM) is favored (Qu and Lee 2012). Finally, it is clear that in the pandemic year of 2020, banks reported lower efficiency. As the cost-to-income ratio rises during the epidemic, US bank efficiency declines (Heitmann et al. 2023). SAR and SDM approaches also favor this VRS’s result. In the STM technique, the coefficient is -0.0450 for SVOTE model and -0.0522 for the NVOTE model. 
(Insert Table 8 about here)
5.4. Additional Tests

Tables 9 and 10 present additional estimations of VRS efficiency scores using the Spatial Tobit model (STM), based on the number of votes cast and the ratio of votes between the Democratic and Republican parties. The findings indicate a significant positive correlation between the US banks’ efficiency score (VRS) and both the number of votes cast for the Democratic Party (LNPREDem) and the ratio of Democratic to Republican votes (PREDemRep) across states. The coefficient is 0.0087 when the independent variable is the number of votes for the Democratic Party, and 0.0039 when it is the ratio of Democratic to Republican votes (see Table 9). These results suggest that U.S. commercial banks tend to be more efficient when election outcomes favor the Democratic Party in terms of vote share.

(Insert Table 9 about here)

Table 10 indicates that bank efficiency improves following a change in the ruling political party at both the state and federal levels, as captured by the variables SChange and NChange. This finding suggests that political turnover can play a constructive role in shaping banks’ operational performance. A plausible interpretation is that shifts in political leadership are often accompanied by changes in regulatory stances, supervisory priorities, and broader economic policies, which may alter banks’ incentive structures and competitive environments. In line with this view, Faccio (2006) argues that political transitions tend to generate policy realignments that can affect firms’ behavior, including their efficiency-enhancing investments and organizational adjustments. Consistent with this argument, the results here imply that regular political alternation, such as the four-year electoral cycle at both state and national levels in the United States, may foster improvements in banking efficiency, potentially through the introduction of new reform agendas, increased regulatory scrutiny, or policies that intensify competition and promote operational optimization.

The estimated coefficients are identical for both political change indicators, with a value of 0.016 for SChange and NChange. This symmetry suggests that political turnover at the state and national levels exerts a comparable marginal impact on bank efficiency. Specifically, SChange captures a change in the party chosen by voters at the state level between the current and previous year, while NChange reflects an analogous shift at the federal level. The positive and statistically meaningful coefficients for both variables underscore that banks appear to respond proactively to political transitions, possibly by streamlining operations, revising strategic priorities, or reallocating resources in anticipation of new policy regimes.

These findings are also consistent with prior empirical evidence, notably Laeven and Levine (2009), who document that political uncertainty and leadership transitions can induce banks to modify their strategies in ways that enhance efficiency. Importantly, the stability of the estimated relationships between all bank-specific control variables and the newly introduced presidential election indicators further strengthens the credibility of the results. This robustness suggests that the observed efficiency gains are not driven by shifts in the underlying financial characteristics of banks, but rather reflect a distinct and independent effect of political change. Overall, the evidence supports the view that political turnover, far from being purely disruptive, can act as a catalyst for efficiency improvements in the U.S. banking system.

(Insert Table 10 about here)

To further substantiate the result that Democratic governance enhances bank efficiency at the state level, we examine the role of the U.S. coincident index in shaping the relationship between political outcomes and bank performance. The coincident index aggregates four key state-level economic indicators, nonfarm payroll employment, average hours worked in manufacturing by production workers, the unemployment rate, and real wage and salary disbursements adjusted by the consumer price index, into a single composite measure of current economic conditions. These composite indicators are designed to reflect contemporaneous economic activity and are strongly correlated with real economic output and business cycle conditions (Aruoba et al. 2009). By capturing real-time variations in labor market activity and income dynamics, this index provides a comprehensive proxy for the underlying economic environment in which banks operate.

The empirical results, reported in Table 11, demonstrate that the core finding of a positive association between Democratic electoral outcomes and bank efficiency remains robust even after controlling for the coincident index. In particular, when SVOTE is used as the principal political variable, the coefficient on Democratic victories continues to be positive and statistically significant, indicating that the efficiency-enhancing effect of Democratic leadership is not merely a byproduct of more favorable local economic conditions. Rather, it reflects an independent political influence that persists beyond contemporaneous business-cycle fluctuations.

These results underscore the importance of incorporating coincident indexes when assessing the interaction between U.S. elections and banking performance, as they help disentangle political effects from cyclical economic forces. Moreover, the positive and significant relationship between the coincident index and Democratic vote shares suggests that states experiencing stronger real-time economic conditions are more likely to support Democratic candidates at the state level. This pattern is consistent with the notion that voters may reward incumbent parties during periods of economic strength and that Democratic platforms, often emphasizing employment growth, income support, and economic stabilization, resonate more strongly in states with robust labor market and wage dynamics.
Taken together, the findings reinforce the conclusion that Democratic governance is systematically associated with higher state-level bank efficiency, even after accounting for prevailing economic conditions. They further imply that the observed efficiency gains are not solely driven by macroeconomic momentum, but may also reflect policy orientations, regulatory approaches, or institutional frameworks under Democratic leadership that are conducive to improved bank operations and performance. This additional layer of evidence strengthens the causal interpretation of the political effect and highlights the relevance of real-time economic indicators in understanding how electoral dynamics translate into financial-sector outcomes.

(Insert Table 11 about here)


The U.S. Congress consists of two chambers: the House of Representatives and the Senate, which jointly enact federal legislation. The House comprises 435 voting members, each elected from a specific congressional district within a state, serving two-year terms. In contrast, the Senate has 100 members, with two senators representing each state, serving six-year terms. The House is larger, with members representing smaller, more localized constituencies, while the Senate’s smaller size and equal state representation provide broader viewpoints and involve less frequent elections. To consider the effect from both the House of Representatives and the Senate, we include interaction terms between the number of Democratic seats in the House and the number of Democratic senators in the Senate with federal votes (NVOTE). In Table 12, the results indicate that both House-Dem-Seats and Senate-Dem-Senators are statistically significant at the 1% and 10% levels, respectively. Specifically, the interaction between federal votes and the number of Democratic seats in the House of Representatives has a coefficient of 0.1443, while the interaction between federal votes and the number of Democratic senators in the Senate has a coefficient of 0.1231. These findings align with previous studies suggesting that the political composition of legislative bodies plays a critical role in shaping economic outcomes, including banking sector efficiency (Claessens et al. 2008). The positive associations suggest that greater Democratic representation in Congress may lead to policies or regulatory environments conducive to enhanced bank efficiency, possibly due to shifts in financial regulation or support for market stability (Laeven and Levine 2009). This supports the conclusion that the presence and strength of Democratic members in both chambers reinforce improvements in bank efficiency scores.

(Insert Table 12 about here)

5.5. Robustness Tests

5.5.1. Stochastic Frontier Analysis (SFA) Efficiency Scores
To evaluate the robustness of our results, we apply the Stochastic Frontier Analysis (SFA) approach as an additional efficiency estimation method. In contrast to Data Envelopment Analysis (DEA), which is non-parametric and allows for multiple inputs and outputs without assuming a specific functional form, SFA is a parametric technique that estimates efficiency relative to a defined production or cost frontier. This method separates random noise from inefficiency, thereby accounting for statistical errors and unobserved heterogeneity across banks. In the context of production efficiency, traditional SFA focuses on a single output with multiple inputs (Beccalli et al. 2015; Reinhard et al. 2020). Applying SFA alongside DEA thus provides a valuable cross-check, enabling us to determine whether our results are consistent across both parametric and non-parametric efficiency frameworks. The results in Table 13 present the regression analysis of the independent and control variables against the Stochastic Frontier Analysis (SFA) efficiency scores. The findings reveal that both the state vote (SVOTE) and the federal vote (NVOTE) are statistically and positively associated with bank efficiency under the VRS model. Specifically, the coefficients are 0.1075 for SVOTE and 0.0492 for NVOTE. These results suggest that the efficiency of the U.S. banking sector improves when the Democratic Party secures victories in both state-level and presidential elections.

(Insert Table 13 about here)

5.5.2. Constant Return to Scale (CRS) Efficiency Scores
As part of the robustness analysis, we also employ the constant returns to scale (CRS) efficiency score as the dependent variable (Table 14). The results show that while the election outcome at the state level (SVOTE) does not significantly influence bank efficiency, the general (federal) election outcome (NVOTE) in favour of the Democratic Party is positively associated with efficiency. The likelihood that banks operate under non-constant returns to scale increases as the banking system develops, which supports the preference for the variable returns to scale (VRS) model over CRS. The VRS specification allows banks to deviate from the ideal CRS frontier in response to real-world factors such as imperfect competition, regulatory constraints, credit and lending limitations, and broader macroeconomic conditions. In contrast, the CRS assumption is only appropriate when all banks operate at their optimal scale — a condition rarely met in practice due to market imperfections (Banker et al. 1984; Charnes et al. 1978). Moreover, the results indicate that total assets (LNTA) negatively affect the CRS efficiency score, suggesting that larger banks may experience diminishing efficiency under the constant returns framework. By design, CRS assumes that output changes are directly proportional to input changes, which may not hold for banks with diverse operational scales. In comparison, the VRS model relaxes this assumption, recognising that variations in input levels may lead to disproportionate changes in output — implying that efficiency can increase or decrease as a bank grows. Therefore, when the sample includes both small and large decision-making units (DMUs), the VRS model provides a more realistic and appropriate representation of bank efficiency than the CRS model.

(Insert Table 14 about here about here)

5.5.3. Bank-level Efficiency Scores excluding 10 Mega Banks
The top 10 largest U.S. banks such as JPMorgan Chase, Bank of America, and Citigroup have a substantial share of total banking assets in the United States. These mega-banks serve a multifaceted role as they act as financial intermediaries by pooling deposits and issuing loans, support international finance, foster economic growth, and provide a range of services including investment, mortgage, and payment processing. However, their immense size makes them both vital to the financial system and a source of regulatory concern due to their “too big to fail” status. The Dodd-Frank Wall Street Reform and Consumer Protection Act of 2010 was introduced to strengthen financial stability and mitigate systemic risks associated with these large institutions (Regmi et al. 2020).

To obtain a more accurate assessment of efficiency, we estimate bank-level efficiency scores after excluding the ten largest banks by asset size each year. Owing to missing data among smaller banks, we employ two inputs (staff and deposits) and two outputs (loans and securities), following Berger and Mester (1997). Due to gaps in input and output data, we were only able to retrieve information from 1993 to 2020 from Compustat, rather than the full period from 1972 to 2020. The resulting dataset includes 1,830 banks. We then merge the estimated efficiency scores with state-level election results. As reported in Table 15, the findings reveal that U.S. bank efficiency, excluding the ten mega-banks, improves when the Democratic Party wins state-level elections during the 1993–2020 period.

(Insert Tables 15 about here)
5.6. Other Related Channels to Partisan Theory
Table 16 presents the relationship between the number of new bank charters and political outcomes. The results indicate that the number of new bank charters is statistically significant and negatively associated with both state-level (SVOTE) and national-level (NVOTE) election outcomes, suggesting that the Republican Party tends to favor the issuance of new bank charters. According to the “partisan theory,” the Democratic Party is generally more concerned with unemployment and less focused on controlling inflation compared to the Republican Party (Hibbs, 1977). Moreover, the Democratic Party has historically prioritized output goals over inflation and monetary expansion, in contrast to the Republican Party (Alesina and Sachs 1988).
An increase in commercial banks typically enhances competition, which can exert downward pressure on prices, supporting lower inflation. Consistent with this, Republican lawmakers have actively promoted initiatives to facilitate new bank charters, often through regulatory reforms aimed at reducing barriers for community and regional banks. For instance, in May 2018, President Donald Trump signed the Economic Growth, Regulatory Relief, and Consumer Protection Act, a major deregulatory measure that raised the threshold for banks considered “too big to fail” from $50 billion to $250 billion in assets.

However, a higher number of new bank charters can reduce variable return-to-scale efficiency scores. While previous studies suggest that increased competition (more banks) can reduce market power and interest margins, thereby improving efficiency, excessive competition can compress margins, lower scale efficiency, reduce incentives for cost control (Maudos and de Guevara 2004) and decrease cost efficiency (Casu and Girardone 2006). 

(Insert Table 16 about here)


6. Conclusion 
The global commercial and financial system is closely intertwined with the U.S. banking sector, underscoring the broader relevance of factors that shape bank performance in the United States. Although the effects of macroeconomic conditions, such as GDP growth and inflation, on bank outcomes are well established, this study extends the literature by examining how electoral outcomes influence the efficiency of U.S. banks at the state level. Our findings indicate that, over the period 1972–2020, bank efficiency tended to improve following Democratic victories at both the state and federal levels. Specifically, both state-level votes (SVOTE) and federal votes (NVOTE) display consistently positive residuals after a Democratic win, suggesting a systematic association between Democratic electoral success and enhanced banking efficiency.

The observed relationship between election dynamics and bank efficiency lends further support to the “partisan theory” of the U.S. economy and its implications for financial-sector performance. In line with Blinder and Watson (2016), our results imply that Democratic leadership has historically been associated with stronger economic indicators. We also find that efficiency scores are significantly related to the total number of votes cast and to the vote-share ratio between the Democratic and Republican parties, highlighting the role of electoral intensity and political competition. Moreover, states with higher coincident economic indexes are more likely to favor the Democratic Party at the state level, and greater Democratic representation in Congress appears to be linked to policy and regulatory environments that are more conducive to bank efficiency, possibly reflecting shifts in financial regulation, enhanced supervisory frameworks, or a stronger emphasis on market stability. We highlight political dynamics including electoral outcomes and congressional composition (House and Senate) may shape regulatory priorities, financial oversight, and macroeconomic stability, all of which can influence bank efficiency. More strikingly, our evidence suggests that regular political alternation, specifically, cycling political parties every four years, can itself enhance state-level banking efficiency in the United States. Periodic shifts in political leadership can strengthen institutional checks and balances, preventing regulatory capture and promoting a more competitive financial environment. In such settings, banks may face stronger incentives to innovate, streamline operations, and allocate resources more efficiently (Faccio 2006).

Our main result proves robust across a range of alternative specifications and sensitivity checks. These include estimating efficiency using a Stochastic Frontier Analysis (SFA) framework as an alternative to the baseline method, employing constant returns to scale (CRS) efficiency scores as the dependent variable, and recalculating bank-level efficiency after excluding the ten largest banks by asset size in each year to mitigate the influence of outliers and market concentration. Across all robustness checks, the main result is consistent: Democratic wins at both the state and federal levels are systematically associated with higher state-level bank efficiency.

Looking ahead, future studies should further explore the complex interactions among Democratic governance, banking crises, and both natural and human-induced shocks. A deeper understanding of these relationships would help clarify the channels through which political leadership and external disruptions jointly shape the stability and efficiency of the U.S. banking system. In addition, future research could examine partisan control of state governments, such as the party affiliation of governors or the composition of state legislatures, which would provide a more direct measure of state-level policymaking influence on banking performance.
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[bookmark: _Hlk146915807]TABLE 1
U.S. presidential elections results from 1972 to 2020 at the state and federal levels.
	State
	Years

	
	1972
	1976
	1980
	1984
	1988
	1992
	1996
	2000
	2004
	2008
	2012
	2016
	2020

	 
	
	
	
	
	
	
	
	
	
	
	
	
	

	Alabama (R)
	R
	D
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	Alaska (R)
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	Arizona (R)
	R
	R
	R
	R
	R
	R
	D
	R
	R
	R
	R
	R
	D

	Arkansas (R)
	R
	D
	R
	R
	R
	D
	D
	R
	R
	R
	R
	R
	R

	California (D)
	R
	R
	R
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D

	Colorado (R)
	R
	R
	R
	R
	R
	D
	R
	R
	R
	D
	D
	D
	D

	Connecticut (D)
	R
	R
	R
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D

	Delaware (D)
	R
	D
	R
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D

	District of Columbia (D)
	D
	D
	D
	D
	D
	D
	D
	D
	D
	D
	D
	D
	D

	Florida (R)
	R
	D
	R
	R
	R
	R
	D
	R
	R
	D
	D
	R
	R

	Georgia (R)
	R
	D
	D
	R
	R
	D
	R
	R
	R
	R
	R
	R
	D

	Hawaii (D) 
	R
	D
	D
	R
	D
	D
	D
	D
	D
	D
	D
	D
	D

	Idaho (R)
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	Illinois (D)
	R
	R
	R
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D

	Indiana (R)
	R
	R
	R
	R
	R
	R
	R
	R
	R
	D
	R
	R
	R

	Iowa (R=D)
	R
	R
	R
	R
	D
	D
	D
	D
	R
	D
	D
	R
	R

	Kansas (R)
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	Kentucky (R)
	R
	D
	R
	R
	R
	D
	D
	R
	R
	R
	R
	R
	R

	Louisiana (R)
	R
	D
	R
	R
	R
	D
	D
	R
	R
	R
	R
	R
	R

	Maine (D)
	R
	R
	R
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D

	Maryland (D) 
	R
	D
	D
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D

	Massachusetts (D)
	D
	D
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D
	D

	Michigan (D)
	R
	R
	R
	R
	R
	D
	D
	D
	D
	D
	D
	R
	D

	Minnesota (D)
	R
	D
	D
	D
	D
	D
	D
	D
	D
	D
	D
	D
	D

	Mississippi (R)
	R
	D
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	Missouri (R)
	R
	D
	R
	R
	R
	D
	D
	R
	R
	R
	R
	R
	R

	Montana (R)
	R
	R
	R
	R
	R
	D
	R
	R
	R
	R
	R
	R
	R

	Nebraska (R)
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	Nevada (R)
	R
	R
	R
	R
	R
	D
	D
	R
	R
	D
	D
	D
	D

	New Hampshire (R=D)
	R
	R
	R
	R
	R
	D
	D
	R
	D
	D
	D
	D
	D

	New Jersey (D)
	R
	R
	R
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D

	New Mexico (R=D)
	R
	R
	R
	R
	R
	D
	D
	D
	R
	D
	D
	D
	D

	New York (D)
	R
	D
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D
	D

	North Carolina (R)
	R
	D
	R
	R
	R
	R
	R
	R
	R
	D
	R
	R
	R

	North Dakota (R)
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	Ohio (R=D)
	R
	D
	R
	R
	R
	D
	D
	R
	R
	D
	D
	R
	R

	Oklahoma (R)
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	Oregon (D)
	R
	R
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D
	D

	Pennsylvania (D) 
	R
	D
	R
	R
	R
	D
	D
	D
	D
	D
	D
	R
	D

	Rhode Island (D)
	R
	D
	D
	R
	D
	D
	D
	D
	D
	D
	D
	D
	D

	South Carolina (R)
	R
	D
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	South Dakota (R)
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	Tennessee (R)
	R
	D
	R
	R
	R
	D
	D
	R
	R
	R
	R
	R
	R

	Texas (R)
	R
	D
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	Utah (R)
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	Vermont (D)
	R
	R
	R
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D

	Virginia (R)
	R
	R
	R
	R
	R
	R
	R
	R
	R
	D
	D
	D
	D

	Washington (D)
	R
	R
	R
	R
	D
	D
	D
	D
	D
	D
	D
	D
	D

	West Virginia (R)
	R
	D
	D
	R
	D
	D
	D
	R
	R
	R
	R
	R
	R

	Wisconsin (D)
	R
	D
	R
	R
	D
	D
	D
	D
	D
	D
	D
	R
	D

	Wyoming (R)
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R
	R

	National results (R)
	R
	D
	R
	R
	R
	D
	D
	R
	R
	D
	D
	R
	D


Note: D: Democratic party; R: Republican party; (round brackets): party that received more votes by states from 1972 to 2020. Source: MIT. 
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TABLE 2
Description of variables.
	Variables
	Description
	Source

	Efficiency indicators
	

	VRS
	Bootstrap variable return to scale efficiency score (technical efficiency score)
	Author’s estimation

	CRS
	Bootstrap constant return to scale efficiency score (overall efficiency score)
	Author’s estimation

	SFA
	Stochastic Frontier Analysis technical efficiency score
	Author’s estimation

	
	

	Independent variables
	

	SVOTE
	Dummy variable equals 1 if state votes for the Democratic party and 0 if state votes for Republican 
	MIT

	NVOTE
	Dummy variable equals 1 if the Democratic party wins the general election and 0 otherwise
	MIT

	
	

	Bank specific control variables
	

	LNTA
	Bank size: Natural logarithm of total assets from the state/bank levels
	FDIC/Compustat

	NPLTL
	Bank credit risk: Non-performing loans/Total loans and leases from the state/bank levels
	FDIC/Compustat

	DOA
	Bank deposits: Total deposits/Total assets from the state/bank levels
	FDIC/Compustat

	
	

	External risk control variable
	

	COVID-19
	Dummy variable equal 1 if the year is in 2020 and 0 otherwise
	Author’s estimation

	
	

	Additional variables
	

	LNPREDem
	Logarithm of the number of votes for the Democratic party in each state
	MIT

	PREDemRep:
	Number of votes for the Democratic party over the number of votes for the Republican party
	MIT

	SChange
	Dummy variable equals 1 if there is a change of party selection from the voters at the state level between this and last year and 0 otherwise
	MIT

	NChange

	Dummy variable equals 1 if there is a change of party selection from the voters at national level between this and last year and 0 otherwise.
	MIT

	Coincident
	This index includes four state-level variables in each coincident index are nonfarm payroll employment, average hours worked in manufacturing by production workers, the unemployment rate, and wage and salary disbursements deflated by the consumer price index (U.S. city average)
	MIT

FRBP

	House-Dem-Seats
	Logarithm of the number of Democrat seats in the House of Representative
	MIT

	Senate-Dem-Senators
	Logarithm of the number of Democrat Senators in the Senate
	MIT

	New bank charters
	Total number of new bank charters at the state level
	FDIC

	
	
	


Note:  MIT: Massachusetts Institute of Technology Election Data – Science Lab; FDIC: Federal Deposit Insurance Corporation; FRBP: The Federal Reserve Bank of Philadelphia






TABLE 3
Descriptive statistics.
	
	Staff (People)
	Customer Deposits
	Other Deposits
	Real Estate Loans
	Other Loans
	Securities

	Mean
	31,692
	71,757,588
	29,885,844
	35,339,641
	38,305,049
	25,433,469

	Median
	15,109
	19,971,401
	4,369,072
	9,822,137
	9,377,604
	7,818,015

	Std Deviation
	52,945
	232,866,764
	270,187,619
	84,513,593
	101,192,707
	70,799,471

	Minimum
	136
	(2,100,860,720)
	21,086
	138,114
	73,081
	60,998

	Maximum
	436,691
	2,130,182,787
	4,543,571,450
	793,126,891
	1,012,603,547
	840,111,254

	Observations
	2,499
	2,499
	2,499
	2,499
	2,499
	2,499


Note: This table reports descriptive statistics of inputs and outputs (units: 1,000 USD).






































TABLE 4 
Average bootstrap bank efficiency scores of 50 U.S. states and District of Columbia from 1972 to 2020 following the non-parametric Data Envelopment Analysis (DEA).
	ID
	State
	CRS original
	CRS
Bootstrap
	CRS
Lower bound
	CRS
Upper bound
	VRS original
	VRS
Bootstrap
	VRS
Lower bound
	VRS
Upper bound
	Region

	1
	Alabama
	0.51
	0.49
	0.46
	0.50
	0.69
	0.65
	0.64
	0.68
	South

	2
	Alaska
	0.65
	0.55
	0.55
	0.63
	0.70
	0.61
	0.60
	0.69
	West

	3
	Arizona
	0.47
	0.34
	0.37
	0.45
	0.50
	0.41
	0.41
	0.49
	West

	4
	Arkansas
	0.50
	0.49
	0.46
	0.50
	0.56
	0.54
	0.53
	0.56
	South

	5
	California
	0.40
	0.34
	0.33
	0.38
	0.76
	0.64
	0.62
	0.75
	West

	6
	Colorado
	0.47
	0.44
	0.42
	0.47
	0.53
	0.51
	0.49
	0.53
	West

	7
	Connecticut
	0.50
	0.44
	0.43
	0.49
	0.56
	0.51
	0.49
	0.55
	Northeast

	8
	Delaware
	0.56
	0.42
	0.43
	0.53
	0.82
	0.68
	0.66
	0.81
	South

	9
	District of Columbia
	0.47
	0.43
	0.41
	0.46
	0.56
	0.47
	0.47
	0.55
	South

	10
	Florida
	0.48
	0.44
	0.42
	0.47
	0.68
	0.62
	0.60
	0.67
	South

	11
	Georgia
	0.44
	0.41
	0.39
	0.43
	0.64
	0.60
	0.58
	0.63
	South

	12
	Hawaii
	0.50
	0.45
	0.44
	0.49
	0.54
	0.50
	0.49
	0.53
	West

	13
	Idaho
	0.44
	0.40
	0.38
	0.43
	0.46
	0.43
	0.41
	0.45
	West

	14
	Illinois
	0.46
	0.42
	0.40
	0.46
	0.72
	0.67
	0.64
	0.71
	Midwest

	15
	Indiana
	0.51
	0.49
	0.47
	0.50
	0.61
	0.58
	0.56
	0.60
	Midwest

	16
	Iowa
	0.52
	0.49
	0.47
	0.52
	0.60
	0.57
	0.55
	0.59
	Midwest

	17
	Kansas
	0.53
	0.51
	0.48
	0.53
	0.58
	0.55
	0.53
	0.57
	Midwest

	18
	Kentucky
	0.50
	0.48
	0.46
	0.49
	0.58
	0.56
	0.55
	0.57
	South

	19
	Louisiana
	0.49
	0.47
	0.45
	0.49
	0.55
	0.53
	0.52
	0.55
	South

	20
	Maine
	0.56
	0.45
	0.48
	0.54
	0.58
	0.50
	0.51
	0.57
	Northeast

	21
	Maryland
	0.49
	0.42
	0.41
	0.48
	0.56
	0.50
	0.49
	0.55
	South

	22
	Massachusetts
	0.55
	0.43
	0.45
	0.53
	0.67
	0.56
	0.55
	0.66
	Northeast

	23
	Michigan
	0.46
	0.43
	0.41
	0.45
	0.60
	0.57
	0.55
	0.59
	Midwest

	24
	Minnesota
	0.45
	0.42
	0.40
	0.45
	0.57
	0.53
	0.52
	0.56
	Midwest

	25
	Mississippi
	0.52
	0.50
	0.48
	0.52
	0.58
	0.56
	0.55
	0.58
	South

	26
	Missouri
	0.50
	0.48
	0.46
	0.50
	0.62
	0.59
	0.57
	0.62
	Midwest

	27
	Montana
	0.49
	0.45
	0.43
	0.48
	0.51
	0.48
	0.46
	0.50
	West

	28
	Nebraska
	0.45
	0.41
	0.39
	0.44
	0.50
	0.47
	0.45
	0.49
	Midwest

	29
	Nevada
	0.57
	0.40
	0.45
	0.53
	0.64
	0.53
	0.52
	0.62
	West

	30
	New Hampshire
	0.46
	0.38
	0.38
	0.44
	0.49
	0.43
	0.42
	0.48
	Northeast

	31
	New Jersey
	0.53
	0.47
	0.46
	0.52
	0.67
	0.61
	0.59
	0.66
	Northeast

	32
	New Mexico
	0.50
	0.48
	0.46
	0.50
	0.51
	0.48
	0.47
	0.50
	West

	33
	New York
	0.37
	0.29
	0.29
	0.36
	0.75
	0.65
	0.61
	0.74
	Northeast

	34
	North Carolina
	0.49
	0.43
	0.43
	0.48
	0.76
	0.63
	0.62
	0.74
	South

	35
	North Dakota
	0.49
	0.45
	0.43
	0.49
	0.52
	0.48
	0.46
	0.51
	Midwest

	36
	Ohio
	0.47
	0.42
	0.41
	0.46
	0.77
	0.67
	0.65
	0.75
	Midwest

	37
	Oklahoma
	0.51
	0.49
	0.46
	0.51
	0.58
	0.55
	0.54
	0.57
	South

	38
	Oregon
	0.47
	0.39
	0.39
	0.46
	0.51
	0.46
	0.44
	0.50
	West

	39
	Pennsylvania
	0.49
	0.46
	0.44
	0.48
	0.71
	0.65
	0.63
	0.69
	Northeast

	40
	Rhode Island
	0.44
	0.39
	0.38
	0.43
	0.56
	0.52
	0.50
	0.55
	Northeast

	41
	South Carolina
	0.48
	0.45
	0.43
	0.47
	0.52
	0.50
	0.49
	0.52
	South

	42
	South Dakota
	0.55
	0.39
	0.42
	0.53
	0.72
	0.57
	0.57
	0.70
	Midwest

	43
	Tennessee
	0.47
	0.45
	0.43
	0.46
	0.59
	0.56
	0.54
	0.58
	South

	44
	Texas
	0.46
	0.43
	0.41
	0.45
	0.69
	0.64
	0.61
	0.68
	South

	45
	Utah
	0.64
	0.39
	0.48
	0.60
	0.67
	0.52
	0.54
	0.66
	West

	46
	Vermont
	0.45
	0.42
	0.40
	0.45
	0.48
	0.45
	0.43
	0.48
	Northeast

	47
	Virginia
	0.50
	0.43
	0.42
	0.49
	0.68
	0.61
	0.60
	0.67
	South

	48
	Washington
	0.39
	0.34
	0.33
	0.38
	0.48
	0.44
	0.42
	0.47
	West

	49
	West Virginia
	0.56
	0.50
	0.48
	0.55
	0.59
	0.54
	0.52
	0.58
	South

	50
	Wisconsin
	0.48
	0.46
	0.44
	0.48
	0.61
	0.58
	0.56
	0.60
	Midwest

	51
	Wyoming
	0.52
	0.49
	0.46
	0.52
	0.55
	0.51
	0.48
	0.54
	West

	
	Average
	0.49
	0.44
	0.43
	0.48
	0.61
	0.59
	0.53
	0.60
	


Note: CRS: Constant return to scale efficiency score; VRS: Variable return to scale efficiency score.
TABLE 5
Average bootstrap bank efficiency scores of the U.S. banking system from 1972 to 2020 following the non-parametric Data Envelopment Analysis (DEA).
	Year
	CRS original
	CRS Bootstrap
	CRS Lower bound
	CRS Upper bound
	VRS original
	VRS Bootstrap
	VRS Lower bound
	VRS Upper bound

	1972
	0.59
	0.56
	0.53
	0.58
	0.63
	0.58
	0.57
	0.62

	1973
	0.56
	0.53
	0.51
	0.55
	0.59
	0.56
	0.54
	0.58

	1974
	0.55
	0.52
	0.50
	0.54
	0.58
	0.55
	0.54
	0.57

	1975
	0.58
	0.56
	0.53
	0.58
	0.61
	0.58
	0.57
	0.60

	1976
	0.59
	0.56
	0.54
	0.58
	0.61
	0.58
	0.57
	0.60

	1977
	0.56
	0.54
	0.51
	0.56
	0.58
	0.56
	0.54
	0.58

	1978
	0.54
	0.52
	0.49
	0.54
	0.57
	0.54
	0.53
	0.56

	1979
	0.53
	0.51
	0.48
	0.53
	0.56
	0.54
	0.52
	0.56

	1980
	0.56
	0.52
	0.50
	0.55
	0.58
	0.55
	0.54
	0.58

	1981
	0.55
	0.52
	0.49
	0.54
	0.58
	0.55
	0.53
	0.58

	1982
	0.55
	0.51
	0.49
	0.54
	0.58
	0.54
	0.53
	0.57

	1983
	0.57
	0.52
	0.50
	0.56
	0.60
	0.56
	0.54
	0.59

	1984
	0.38
	0.35
	0.34
	0.38
	0.44
	0.41
	0.39
	0.43

	1985
	0.39
	0.36
	0.34
	0.39
	0.45
	0.42
	0.40
	0.44

	1986
	0.39
	0.36
	0.35
	0.39
	0.46
	0.43
	0.41
	0.45

	1987
	0.41
	0.38
	0.36
	0.41
	0.48
	0.45
	0.44
	0.47

	1988
	0.42
	0.38
	0.37
	0.41
	0.49
	0.46
	0.45
	0.48

	1989
	0.42
	0.38
	0.36
	0.41
	0.50
	0.47
	0.45
	0.49

	1990
	0.42
	0.38
	0.37
	0.41
	0.50
	0.47
	0.46
	0.50

	1991
	0.45
	0.41
	0.39
	0.44
	0.53
	0.50
	0.48
	0.52

	1992
	0.47
	0.44
	0.41
	0.47
	0.56
	0.52
	0.50
	0.55

	1993
	0.50
	0.46
	0.44
	0.49
	0.59
	0.55
	0.53
	0.58

	1994
	0.49
	0.46
	0.44
	0.49
	0.59
	0.55
	0.53
	0.58

	1995
	0.47
	0.44
	0.42
	0.46
	0.58
	0.54
	0.52
	0.57

	1996
	0.45
	0.41
	0.40
	0.44
	0.56
	0.52
	0.50
	0.55

	1997
	0.46
	0.42
	0.41
	0.45
	0.58
	0.54
	0.52
	0.57

	1998
	0.47
	0.42
	0.41
	0.46
	0.59
	0.55
	0.53
	0.58

	1999
	0.50
	0.45
	0.44
	0.49
	0.63
	0.58
	0.56
	0.62

	2000
	0.49
	0.43
	0.43
	0.48
	0.62
	0.57
	0.55
	0.61

	2001
	0.50
	0.43
	0.43
	0.49
	0.65
	0.57
	0.56
	0.64

	2002
	0.51
	0.44
	0.44
	0.49
	0.66
	0.58
	0.57
	0.65

	2003
	0.54
	0.46
	0.46
	0.52
	0.68
	0.61
	0.59
	0.67

	2004
	0.52
	0.45
	0.45
	0.51
	0.69
	0.60
	0.59
	0.67

	2005
	0.51
	0.42
	0.43
	0.49
	0.68
	0.59
	0.58
	0.67

	2006
	0.47
	0.41
	0.40
	0.46
	0.66
	0.58
	0.57
	0.65

	2007
	0.48
	0.41
	0.40
	0.47
	0.68
	0.60
	0.58
	0.67

	2008
	0.49
	0.39
	0.41
	0.47
	0.68
	0.57
	0.57
	0.67

	2009
	0.48
	0.42
	0.41
	0.48
	0.66
	0.58
	0.57
	0.65

	2010
	0.50
	0.42
	0.42
	0.49
	0.67
	0.58
	0.58
	0.66

	2011
	0.52
	0.43
	0.43
	0.50
	0.68
	0.60
	0.58
	0.67

	2012
	0.50
	0.41
	0.41
	0.48
	0.67
	0.58
	0.57
	0.65

	2013
	0.49
	0.42
	0.41
	0.48
	0.65
	0.58
	0.56
	0.64

	2014
	0.49
	0.41
	0.41
	0.47
	0.66
	0.58
	0.56
	0.65

	2015
	0.48
	0.40
	0.40
	0.47
	0.66
	0.58
	0.56
	0.65

	2016
	0.47
	0.39
	0.39
	0.46
	0.67
	0.59
	0.56
	0.66

	2017
	0.48
	0.38
	0.39
	0.47
	0.67
	0.58
	0.56
	0.66

	2018
	0.48
	0.37
	0.38
	0.46
	0.68
	0.58
	0.56
	0.66

	2019
	0.49
	0.36
	0.38
	0.47
	0.68
	0.56
	0.56
	0.66

	2020
	0.48
	0.33
	0.37
	0.45
	0.68
	0.55
	0.55
	0.66


Note: CRS: Constant return to scale efficiency score; VRS: Variable return to scale efficiency score.
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FIGURE 1
Bootstrap constant return to scale efficiency scores (CRS) for 50 US states and the District of Columbia from 1972 to 2020 following the non-parametric Data Envelopment Analysis (DEA).
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FIGURE 2 
Bootstrap variable return to scale efficiency scores (VRS) for 50 US states and the District of Columbia from 1972 to 2020 following the non-parametric Data Envelopment Analysis (DEA).
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FIGURE 3
Adaptive Kernel Density Estimation: The distribution plots for both bootstrap constant return to scale efficiency scores (CRS) and bootstrap variable return to scale efficiency scores (VRS) following the non-parametric Data Envelopment Analysis (DEA).
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FIGURE 4
Cross-sectional average between bootstrap constant return to scale efficiency scores (CRS) and SVOTE and NVOTE at a point of time following the non-parametric Data Envelopment Analysis (DEA).
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FIGURE 5
Cross-sectional average between bootstrap variable return to scale efficiency scores (VRS) and SVOTE and NVOTE at a point of time following the non-parametric Data Envelopment Analysis (DEA).

TABLE 6
Spatial Autoregressive model (SAR) when bootstrap variable return to scale efficiency score (VRS) is the dependent variable.
	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	Variables
	VRS-Main
	VRS-Spatial
	VRS-Variance
	VRS-Main
	VRS-Spatial
	VRS-Variance

	
	
	
	
	
	
	

	SVOTE
	0.0124***
	
	
	
	
	

	
	(2.9576)
	
	
	
	
	

	NVOTE
	
	
	
	0.0043
	
	

	
	
	
	
	(1.3147)
	
	

	LNTA
	0.0255***
	
	
	0.0259***
	
	

	
	(13.5385)
	
	
	(13.8196)
	
	

	NPLTL
	-2.7086***
	
	
	-2.7115***
	
	

	
	(5.8301)
	
	
	(5.8278)
	
	

	DOA
	0.0164
	
	
	0.0087
	
	

	
	(0.7106)
	
	
	(0.3802)
	
	

	COVID-19
	-0.0324***
	
	
	-0.0334***
	
	

	
	(2.8416)
	
	
	(2.8860)
	
	

	rho
	
	0.6074***
	
	
	0.6151***
	

	
	
	(20.1419)
	
	
	(20.4515)
	

	lgt_theta
	
	
	-1.2122***
	
	
	-1.1878***

	
	
	
	(9.1507)
	
	
	(8.9296)

	sigma2_e
	
	
	0.0061***
	
	
	0.0061***

	
	
	
	(34.8157)
	
	
	(34.8035)

	Constant
	-0.2364***
	
	
	-0.2394***
	
	

	
	(5.4251)
	
	
	(5.4896)
	
	

	
	
	
	
	
	
	

	R-squared
	0.2299
	0.2299
	0.2299
	0.2319
	0.2319
	0.2319

	Observations
	2,499
	2,499
	2,499
	2,499
	2,499
	2,499

	Number of states
	51
	51
	51
	51
	51
	51


Note: This table reports regression results on the association between bootstrap variable return to scale efficiency score and state and national votes following Spatial Autogressive model (SAR). The variables’ coefficients and t-statistics (in brackets) are reported in the table; ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively. VRS: Bias-corrected bootstrap variable return to scale efficiency score; SVOTE: Dummy variable equals 1 if state votes for the Democratic party and 0 if state votes for Republican; NVOTE: Dummy variable equals 1 if the Democratic party wins the general election and 0 otherwise; LNTA: Logarithm of total assets, NPLTL: Non-performing loans over total loans; DOA: Total deposits over total assets; COVID-19: Dummy variable equals 1 if the year is 2020 and 0 otherwise.
















TABLE 7
Spatial Dynamic model (SDM) when bootstrap variable return to scale (VRS) is the dependent variable.
	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	VARIABLES
	VRS-Main within state effects
	VRS-Spatial
	VRS-Variance
	VRS-Main within state effects
	VRS-Spatial
	VRS-Variance

	
	
	
	
	
	
	

	SVOTE
	0.0173***
	
	
	
	
	

	
	(3.5816)
	
	
	
	
	

	NVOTE
	
	
	
	0.0004
	
	

	
	
	
	
	(0.0000)
	
	

	LNTA
	0.0369***
	
	
	0.0367***
	
	

	
	(16.8402)
	
	
	(16.7665)
	
	

	NPLTL
	-0.9589*
	
	
	-0.9006*
	
	

	
	(1.8841)
	
	
	(1.7669)
	
	

	DOA
	-0.0243
	
	
	-0.0272
	
	

	
	(0.9619)
	
	
	(1.0769)
	
	

	COVID-19
	-0.0157
	
	
	-0.0191
	
	

	
	(1.3010)
	
	
	(1.5586)
	
	

	rho
	
	0.0000
	
	
	0.0899
	

	
	
	(0.0000)
	
	
	(0.9273)
	

	lgt_theta
	
	
	-1.1144***
	
	
	-1.0781***

	
	
	
	(8.3241)
	
	
	(7.9970)

	sigma2_e
	
	
	0.0058***
	
	
	0.0058***

	
	
	
	(34.9803)
	
	
	(34.9780)

	Constant
	0.0168
	
	
	-0.0024
	
	

	
	(0.2033)
	
	
	(0.0294)
	
	

	
	VRS-Wx: Spillover effects
	
	
	VRS-Wx: Spillover effects
	
	

	WSVOTE
	-0.0036
	
	
	
	
	

	
	(0.3503)
	
	
	
	
	

	WNVOTE
	-0.0281***
	
	
	0.0049
	
	

	
	(6.9581)
	
	
	(1.4810)
	
	

	WLNTA
	-3.5485***
	
	
	-0.0257***
	
	

	
	(3.0066)
	
	
	(-6.4520)
	
	

	WNPLTL
	0.0093
	
	
	-4.0176***
	
	

	
	(0.1773)
	
	
	(-3.3363)
	
	

	WDOA
	-0.0036
	
	
	-0.0004
	
	

	
	(0.3503)
	
	
	(-0.0067)
	
	

	WVRS
	0.7295***
	
	
	0.6310***
	
	

	
	(6.3759)
	
	
	(5.7891)
	
	

	
	
	
	
	
	
	

	
	
	
	
	
	
	

	R-squared
	0.4172
	0.4172
	0.4172
	0.4252
	0.4252
	0.4252

	Observations
	2,499
	2,499
	2,499
	2,499
	2,499
	2,499

	Number of states
	51
	51
	51
	51
	51
	51

	
	
	
	
	
	
	


Note: This table reports regression results on the association between bootstrap variable return to scale efficiency score and state and national votes following Spatial Dynamic model (SDM). The variables’ coefficients and t-statistics (in brackets) are reported in the table; ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.















TABLE 8
Spatial Tobit model (STM) when bootstrap variable return to scale (VRS) is the dependent variable.
	
	(1)
	(2)

	VARIABLES
	VRS
	VRS

	
	
	

	SVOTE
	0.0153***
	

	
	(3.61)   
	

	NVOTE
	
	0.0169***   

	
	
	(4.70)   

	LNTA
	0.0400***   
	0.0398***   

	
	(25.86)   
	(25.84)   

	NPLTL
	-6.2450***   
	-6.3256***   

	
	(13.46)   
	(13.70)   

	DOA
	  -0.0696** 
	-0.0796**   

	
	(2.87)   
	(3.32)   

	COVID-19
	-0.0450***   
	-0.0522***   

	
	(3.53)   
	(4.06)   

	Constant
	-0.0732*  
	-0.0641*   

	
	(1.92)   
	(1.69)   

	
	
	

	R-squared
	0.4564
	0.4547

	Observations
	2,499
	2,499

	Number of states
	51
	51

	Wald Chi 2 [p-value]
	0.000***
	0.000***


Note: This table reports regression results on the association between bootstrap variable return to scale efficiency score and state and national votes following Spatial Tobit model (STM). The variables’ coefficients and t-statistics (in brackets) are reported in the table; ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.
































TABLE 9
Additional tests with number of votes for the Democratic party when bootstrap variable return to scale (VRS) is the dependent variable.
	
	(1)
	(2)

	VARIABLES
	VRS
	VRS

	
	
	

	LNPREDem
	0.0087***
	

	
	(2.62)   
	

	PREDemRep
	
	0.0039***   

	
	
	(2.35)   

	
	
	

	LNTA
	0.0359***   
	0.0408***   

	
	(15.76)   
	(26.17)   

	NPLTL
	-6.0665***   
	-6.3329***   

	
	(12.68)   
	(13.67)   

	DOA
	-0.0929*** 
	-0.0777**   

	
	(3.79)   
	(3.22)   

	COVID-19
	-0.0414***   
	-0.0434***   

	
	(3.25)   
	(3.40)   

	Constant
	-0.0945**   
	-0.0803**   

	
	(2.37)   
	(2.07)   

	
	
	

	R-squared
	0.4537
	0.4530

	Observations
	2,499
	2,499

	Number of states
	51
	51

	Wald Chi 2 [p-value]
	0.000***
	0.000***


Note: This table reports regression results on the association between bootstrap variable return to scale efficiency score and other measures of US presidential elections following Spatial Tobit model (STM). The variables’ coefficients and t-statistics (in brackets) are reported in the table; ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively. LNPREDem: Logarithm of the number of votes for the Democratic party in each state; PREDemRep: Number of votes for the Democratic party over the number of votes for the Republican party.

























TABLE 10
Additional tests with the changes from voters on party when bootstrap variable return to scale (VRS) is the dependent variable.
	
	(1)
	(2)

	VARIABLES
	VRS
	VRS

	
	
	

	SChange
	0.0169**
	

	
	(2.09)   
	

	NChange
	
	0.0160***   

	
	
	(2.95)   

	
	
	

	LNTA
	0.0403***   
	0.0403***   

	
	(26.14)   
	(26.13)   

	NPLTL
	-6.3694***   
	-6.2494***   

	
	(13.74)   
	(13.46)   

	DOA
	-0.0839*** 
	-0.0816**   

	
	(3.49)   
	(3.40)   

	COVID-19
	-0.0437***   
	-0.0572***   

	
	(3.43)   
	(4.19)   

	Constant
	-0.0631*   
	-0.0654*  

	
	(1.66)   
	(1.72)   

	
	
	

	R-squared
	0.4501
	0.4517

	Observations
	2,499
	2,499

	Number of states
	51
	51

	Wald Chi 2 [p-value]
	0.000***
	0.000***


Note: This table reports regression results on the association between bootstrap variable return to scale efficiency score and the changes from voters on party following Spatial Tobit model (STM). The variables’ coefficients and t-statistics (in brackets) are reported in the table; ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively. SChange: Dummy variable equals 1 if there is a change of party selection from the voters at the state level between this and last year and 0 otherwise; NChange: Dummy variable equals 1 if there is a change of party selection from the voters at national level between this and last year and 0 otherwise.














TABLE 11
Additional tests with the effect of coincident indexes on the association between bootstrap variable return to scale efficiency score and political outcomes.

	
	(1)
	(2)

	VARIABLES
	VRS
	VRS

	
	
	

	SVOTE x Coincident
	0.0005***
	

	
	(2.93)
	

	NVOTE x Coincident
	
	-0.0002

	
	
	(1.3)

	SVOTE
	-0.0209
	

	
	(1.57)
	

	NVOTE
	
	0.0327***

	
	
	(2.59)

	Coincident
	-0.0002**
	0.00005

	
	(2.12)
	(0.51)

	LNTA
	0.0407***
	0.04***

	
	(23.06)
	(22.76)

	NPLTL
	-6.3170***
	-6.2323***

	
	(13.58)
	(13.23)

	DOA
	-0.0742***
	-0.0776***

	
	(3.06)
	(3.22)

	COVID-19
	-0.0447***
	0.0462***

	
	(3.43)
	(3.34)

	Constant
	0.0666*
	0.0729*

	
	(1.7)
	(1.87)

	
	
	

	R-squared
	0.4601
	0.4548

	Observations
	2,499
	2,499

	Number of states
	51
	51

	Wald Chi 2 [p-value]
	0.000***
	0.000***


Note: This table reports regression results on the effect of coincident indexes on the association between bootstrap variable return to scale efficiency score and state and national votes following using Spatial Tobit model (STM). The variables’ coefficients and t-statistics (in brackets) are reported in the table; ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.






















TABLE 12
Additional tests with number of the Democratic seats in the House of Representative and Senate when bootstrap variable return to scale (VRS) is the dependent variable.
	
	(1)
	(2)

	VARIABLES
	VRS
	VRS

	
	
	

	NVOTE x House-Dem-Seats
	0.1443***
	

	
	(5.39)
	

	NVOTE x Senate-Dem-Senators
	
	0.1231*

	
	
	(1.82)

	NVOTE
	-0.7697***
	-0.4796*

	
	(5.27)
	(1.77)

	House-Dem-Seats
	-0.0809***
	

	
	(3.95)
	

	Congress-Dem-Senators
	
	0.0931*

	
	
	(1.79)

	LNTA
	0.0392***
	0.0415***

	
	(24.30)
	(26.21)

	NPLTL
	-5.8021***
	-6.1701***

	
	(12.29)
	(13.35)

	DOA
	-0.0635**
	-0.099***

	
	(2.58)
	(4.04)

	COVID-19
	-0.0527***
	-0.0443***

	
	(4.12)
	(3.43)

	Constant
	0.375***
	-0.4496**

	
	(3.12)
	(2.12)

	
	
	

	R-squared
	0.4617
	0.4751

	Observations
	2,499
	2,499

	Number of states
	51
	51

	Wald Chi 2 [p-value]
	0.000***
	0.000***


Note: This table reports regression results on the association between bootstrap variable return to scale efficiency score and the Democratic seats in the House of Representative and Democratic senators in the Senate following Spatial Tobit model (STM). The variables’ coefficients and t-statistics (in brackets) are reported in the table; ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively. House-Dem-Seats: Logarithm of the number of Democrat seats in the House of Representative; Senate-Dem-Senators: Logarithm of the number of Democrat senators in the Senate.






















TABLE 13
The models with Stochastic Frontier Analysis score (SFA).
	
	(1)
	(2)

	VARIABLES
	SFA
	SFA

	
	
	

	SVOTE
	0.1075***
	

	
	(12.36)   
	

	NVOTE
	
	0.0492***   

	
	
	(6.37)   

	LNTA
	0.0855***   
	0.0856***   

	
	(26.08)   
	(25.46)   

	NPLTL
	-3.2948***   
	-3.4815***   

	
	(3.60)   
	(3.66)   

	DOA
	  -0.1838*** 
	-0.2551***   

	
	(3.68)   
	(4.99)   

	COVID-19
	-0.3786***   
	-0.3674***   

	
	(14.09)   
	(13.25)   

	Constant
	-0.9574***  
	-0.8838***   

	
	(11.99)   
	(10.81)   

	
	
	

	R-squared
	0.4869
	0.4636

	Observations
	2,499
	2,499

	Number of states
	51
	51

	Wald Chi 2 [p-value]
	0.000***
	0.000***


Note: This table reports regression results on the association between stochastic frontier analysis (SFA) score and state and national votes following Spatial Tobit model (STM). The variables’ coefficients and t-statistics (in brackets) are reported in the table; ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.





























TABLE 14
The models with Constant Return to Scale (CRS).
	
	(1)
	(2)

	VARIABLES
	CRS
	CRS

	
	
	

	SVOTE
	0.0002
	

	
	(0.01)   
	

	NVOTE
	
	0.0179***   

	
	
	(5.76)   

	LNTA
	-0.0222***   
	-0.0227***   

	
	(16.47)   
	(16.94)   

	NPLTL
	-6.206***   
	-6.189***   

	
	(15.52)   
	(15.60)   

	DOA
	  0.0121 
	0.0146   

	
	(0.58)   
	(0.70)   

	COVID-19
	-0.0901***   
	-0.0999***   

	
	(8.14)   
	(8.99)   

	Constant
	0.8394***  
	0.8384***   

	
	(25.27)   
	(25.48)   

	
	
	

	R-squared
	0.4891
	0.4967

	Observations
	2,499
	2,499

	Number of states
	51
	51

	Wald Chi 2 [p-value]
	0.000***
	0.000***


Note: This table reports regression results on the association between bootstrap constant return to scale efficiency (CRS) score and state and national votes following Spatial Tobit model (STM). The variables’ coefficients and t-statistics (in brackets) are reported in the table; ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.




























TABLE 15
Bank-level efficiency scores after excluding the top ten banks by assets each year from 1993 to 2020.
	
	(1)
	(2)
	(3)
	(4)

	VARIABLES
	VRS
	VRS
	CRS
	CRS

	
	
	
	
	

	SVOTE
	0.006***
	0.003*
	0.005***
	0.003**

	
	(0.001)
	(0.078)
	(0.001)
	(0.035)

	LNTAno10
	
	0.035***
	
	0.022***

	
	
	(0.000)
	
	(0.000)

	NPLTLno10
	
	-0.001*
	
	0.000

	
	
	(0.083)
	
	(0.907)

	DOAno10
	
	-0.433***
	
	-0.403***

	
	
	(0.000)
	
	(0.000)

	Constant
	0.375***
	0.464***
	0.355***
	0.507***

	
	(0.000)
	(0.000)
	(0.000)
	(0.000)

	
	
	
	
	

	R-squared
	0.774
	0.835
	0.742
	0.815

	Observations
	18,865
	16,004
	18,865
	16,004

	Number of banks
	1,830
	1,622
	1,830
	1,622

	Wald Chi 2 [p-value]
	0.000***
	0.000***
	0.000***
	0.000***


Note: This table presents regression results on the relationship between variable returns to scale (VRS) and constant returns to scale (CRS) efficiency scores at the bank level, after excluding the ten largest banks by assets, using state-level voting data from 1993 to 2020. The COVID-19 period is excluded due to near-zero partial values. The variables’ coefficients and t-statistics (in brackets) are reported in the table; ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.
























TABLE 16
Spatial Tobit model (STM) when the number new bank charters at the state level is the dependent variable.
	
	(1)
	(2)
	(3)

	VARIABLES
	SNCharters
	SNCharters
	SNCharters

	
	
	
	

	SVOTE
	-0.8070***
	
	

	
	(3.49)   
	
	

	NVOTE
	
	-1.1506***   
	

	
	
	(5.89)   
	

	VRS
	
	
	-3.029***   

	
	
	
	(2.77)   

	LNTA
	0.5024***   
	0.5140***   
	0.6044***   

	
	(6.03)   
	(6.20)   
	(6.41)   

	NPLTL
	90.223***   
	95.85***   
	77.87***   

	
	(3.54)   
	(3.79)   
	(2.95)   

	DOA
	  -1.917 
	-1.424   
	-1.513   

	
	(1.45)   
	(1.10)   
	(1.16)   

	COVID-19
	-1.773***   
	-1.247*   
	-2.009***   

	
	(2.56)   
	(1.79)   
	(2.89)   

	Constant
	5.467***  
	5.89***   
	6.142***   

	
	(2.52)   
	(2.73)   
	(2.84)   

	
	
	
	

	R-squared
	0.1564
	0.1643
	0.1568

	Observations
	2,499
	2,499
	2,499

	Number of states
	51
	51
	51

	Wald Chi 2 [p-value]
	0.000***
	0.000***
	0.000***


Note: This table reports regression results on the association between the number of new bank charters (SNCharters) at the state level and state votes, national votes and variable return to scale efficiency score (VRS) following Spatial Tobit model (STM). The variables’ coefficients and t-statistics (in brackets) are reported in the table; ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.
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Political Partisanship and State - level Bank Efficiency       Abstract     We examine the relationship between political partisanship and commercial bank efficiency in the  United States over the period 1972 – 2020, assessing the persistent influence of political affiliations at  the state and District of Columbia levels. Bank effici ency scores are estimated using a double - bootstrap  approach, and the analysis is conducted within a  S patial  D ynamic panel Tobit framework that controls  for a broad set of banking and macroeconomic factors. The results reveal a significant effect of U.S.  st ate and national elections on interdependent bank efficiency scores, providing robust support for the  partisan theory in the context of U.S. banking over five decades. We find compelling evidence that  Democratic victories at both the state and national lev els are associated with higher state - level bank  efficiency, even after accounting for bank - specific characteristics. Additionally, changing the political  party in power every four years could enhance the efficiency of the U.S. banking system. These finding s  suggest that political change, rather than being purely disruptive, can act as a catalyst for efficiency  improvements in the U.S. banking system. The results remain consistent across multiple robustness  tests.                                    

