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Abstract This study investigates channels of urban wage premium using a matched employer–employee data in the Japanese manufacturing sector. Recent literature on the empirics of agglomeration economies assume a two-step channel of urban wage premium that employment density increases total factor productivity (TFP), resulting in higher wages. This study empirically examines the validity of this two-step channel. We find that a standard wage regression approach used in this literature captures not only the two-step channel of urban wage premium but also other diﬀerent eﬀects even if spatial sorting of skills is controlled for. Empirical results show that a channel between wage and TFP is much weaker than theoretically expected. When we exactly quantify the two-step channel of the urban wage premium, the density elasticity of wage becomes smaller than those in the existing literature. This study reveals that the current approach in the literature captures firm size eﬀects on wages between cities as well, which give an upward bias to the quantification of the two-step channel. JEL classifications: J31, R12, R23 Keywords: Urban Wage Premium, Agglomeration, Matched Employer–Employee Data, Human Capital Externalities
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1 Introduction Recent studies in the literature on urban and regional economics have paid greater attention to urban wage premium (see Combes and Gobillon, 2015). There are many studies that quantify urban wage premium worldwide and find significant agglomeration benefits on wage.1 To draw meaningful policy implications, recent attempt in this literature is to deepen our understanding of channels and sources of urban wage premium.2 However, we still miss an important point that a standard wage regression approach often used in the empirics of agglomeration economies suﬀers from identifying channels of urban wage premium. This study sheds new light on identification issues on channels of urban wage premium in the existing literature. It has been well-known as a stylized fact that urban wage is higher than that of rural areas. However, the simple use of positive variation between regional average wage and city size does not necessarily help us quantify urban wage premium as benefits from agglomeration economies. For example, bigger cities attract more skilled workers, and thus geographical distribution of skills is not uniform within the economy, which also leads to a positive variation between between regional average wage and city size. In that sense, one of the most essential aspects in the empirical analysis is to control for geographical distribution of workers’ characteristics, which requires the use of micro data of individual workers. One of the seminal papers in recent trend of urban wage premium is Combes et al. (2008), who distinguish channels of urban wage premium between firms and workers. A standard theoretical implication of wage determination is that wage is determined at the point where marginal revenue (price × marginal productivity of labor) equalizes to marginal cost (wage). Therefore, an essential view of higher wage in bigger cities is how agglomeration economies increase marginal productivity of labor. One of the channels of urban wage premium is that agglomeration increases firm productivity, resulting in higher wages.3 Another channel is that agglomeration directly makes workers more productive through valuable expe1



See, for example, Glaeser and Mar´e (2001), Mion and Naticchioni (2009), Matano and Naticchioni (2012), Andersson et al. (2014), Matano and Naticchioni (2016). 2



It should be emphasized that this study also contributes to the labor economics literature. One of their main concerns is to explain wage determination, for example, in terms of the rate of return to education, gender inequality, labor institution, and policies. On the other hand, urban and regional economists attempt to clarify regional heterogeneities in wage distribution. 3



Combes et al. (2008) oﬀer a simple theoretical model concerning wage and agglomeration economies. In their setting, individual workers receive higher wage through firm productivity. At the same time, agglomeration economies play a crucial role in increasing the productivity as positive externalities. Consequently, the urban wage premium in their theoretical framework is generated by the two-step channel of both aspects.
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riences in cities, which also increases wage. A key idea of Combes et al. (2008) is to control for workers’ skills when identifying the former channel of urban wage premium and, therefore, their research focuses on identification of the two-step channel (wage ← TFP ← agglomeration). As a new direction in this literature, de la Roca and Puga (forthcoming) highlight the latter channel of urban wage premium that work experiences in big cities make workers more productive. Combes et al. (2008) consider that respective workers are ex ante skilled and unskilled, and their location choices bring about uneven wage distribution in space (i.e., spatial sorting of skills), which causes an overestimation of urban wage premium. On the other hand, de la Roca and Puga (forthcoming) emphasize that, even if workers are ex ante identical, workers in bigger cities acquire skills faster than those in smaller cities. In other words, workers in bigger cities become ex post skilled via valuable experiences there, resulting in higher wages as dynamic benefits from agglomeration economies.4 In line with the existing literature, this study also attempts to identify channels of urban wage premium, but takes a diﬀerent approach using a matched employer–employee data. Although recent empirical studies mainly rely on a wage regression approach using workers’ panel data with interregional mobility to control for spatial sorting of skills (e.g., Combes et al., 2008, 2011, 2010; Combes and Gobillon, 2015), it still suﬀers from identifying channels of urban wage premium. This study newly discusses estimation issues in the existing literature and provides a method to quantify the two-step channel of urban wage premium via TFP. As mentioned before, a crucial assumption in the existing literature is that workers receive urban wage premium through the two-step channel; however, this channel has not been directly examined for a long time. Therefore, our contribution is to show how matched employer–employee data allow to directly examine this linkage. In short, a key idea of our approach is to identify the two-step channel using firm information while canceling out factors of the spatial sorting by taking the diﬀerences. Our main finding is that a standard wage regression approach used in the empirics of agglomeration economies captures not only the two-step channel of urban wage premium but also other diﬀerent eﬀects even if spatial sorting of skills are controlled for. Our empirical results show that a key channel between wage and TFP is much weaker than theoretically expected. Furthermore, when we exactly quantify the two-step channel of the urban wage premium, the density elasticity of wage becomes smaller than those in the existing literature. This study reveals that the current wage regression approach in the literature 4



See also related studies, such as Gould (2007), Glaeser and Resseger (2010), Baum-Snow and Pavan (2012).
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captures eﬀects arising from firm size diﬀerences between cities as well, which give an upward bias to the quantification of the two-step channel. Finally, it is worth mentioning that our approach can be extended to the literature of human capital externalities. This literature assumes that human capital intensity increases productivities of firm and workers as positive externalities. As discussed by Heuermann et al. (2010), there is a strong connection between urban wage premium and human capital externalities because skilled peoples tend to concentrate in big cities. For example, Acemoglu and Angrist (2000) estimate private and external rates of return to education using individual workers’ and regional average years of schooling, respectively. However, they find that the external return to education is quite small when focusing on causal relation by the instrumental variable (IV) estimation. Our study also find the eﬀects of human capital externalities on wage become small when we focus on the two-step channel mechanism via TFP. The remainder of this paper is organized as follows. Section 2 reviews a theoretical framework concerning urban wage premium. Section 3 explains the empirical methodology. Section 4 describes our matched employer–employee dataset and key variables. Section 5 discusses the estimation results. Finally, Section 6 concludes.



2 Theoretical Foundation 2.1 Two-Step Channel of Urban Wage Premium in the Literature This section basically follows a partial equilibrium framework suggested by Combes et al. (2008) and Combes and Gobillon (2015). The profit of establishment j operating in area a at time t is given by π jat = pat q jat − wjat  jat − rat k jat , where pat is the market price of the product in area a, q jat is the output of establishment j,  jat is the amount  of labor supply measured in eﬀective labor ( jat = i∈( j,t) siat liat ), wjat is its wage rate in establishment j, and siat and liat represent skills and labor supply of worker i. In addition, k jat represents the other factors of production, and rat is their market price in area a. We assume that the production function takes a Cobb-Douglas form with constant returns to scale as
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follows: ξ 1−ξ q jat = A jat  jat k jat ,



0 < ξ ≤ 1,



(1)



where A jat is the total factor productivity of establishment j. Solving profit maximization and introducing workers’ heterogeneity, we obtain an equation describing a relation between nominal wage, TFP, and workers’ skills as follows: wiat =



B jat A1/ξ s , jat iat



where B jat ≡ ξ(1 − ξ)



(1−ξ)/ξ



⎛ ⎞1/ξ ⎜⎜ pat ⎟⎟ ⎜⎜ ⎟ ⎝ 1−ξ ⎟⎠ . rat



(2)



An important prediction from this wage equation is that, under the condition that pat and rat are identical across areas, wage rate of worker i is determined in terms of TFP (A jat ) and individual skills (siat ).5 An interpretation of why individual wage is higher in bigger cities in this literature is based on a two-step channel through which agglomeration first increases TFP, and then TFP increases wage. As such, the empirics of agglomeration economies assumes that TFP depends on local characteristics, such as employment density (Densat ), as follows:6 log(A jat ) = α log(Densat ) + v jt ,



(3)



where v jt indicates other establishment-level factors. Taking the logarithm of wage equation (2) and merging it with TFP equation (3), we have a wage equation derived from a partial equilibrium framework as follows: log(wiat ) = Const +



α 1 log(Densat ) + v jt + log(siat ), ξ ξ



(4)



where Const is a constant term including composite parameters. It is worth discussing the connection between urban wage premium and human capital externalities. As mentioned by Heuermann et al. (2010), the concept of human capital externalities is highly related with that of the urban wage premium because skilled peoples tend to concentrate in big cities. As introduced
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Combes et al. (2008) also consider the case wherein inputs and output markets are segmented between areas. In that case, spatial diﬀerences in wage can occur not only through TFP but also through the prices of the output and of the other factors. 6



For simplicity of explanation, other local characteristics explaining TFP are not shown here, but those should be considered in empirical analysis.
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by Moretti (2004b), instead of city size variable in the literature of urban wage premium, the literature of human capital externalities assumes that human capital intensity increases TFP as follows: log(A jat ) = λSkillat + v jt ,



(5)



where Skillat is some measure of the human capital intensity, such as share of skilled people or regional average years of schooling, in city a at time t. As derived earlier, we have a wage equation including human capital externalities as follows: log(wiat ) = Const +



λ 1 Skillat + v jt + log(siat ). ξ ξ



(6)



Note that both wage equations take similar specifications in the empirical analysis.



2.2 Revisiting Channels of Urban Wage Premium In this study, we newly focus on channels of urban wage premium. A crucial theoretical assumption in the existing literature is that workers receive wage premium via TFP. This two-step channel is reflected in the composite coeﬃcient parameter of employment density or human capital intensity (α/ξ or λ/ξ) in equations (2) or (6), respectively. The current literature of empirics of agglomeration economies has put more emphasis on estimating economic impacts of the two-step channel. Combes et al. (2011) point out two sources of bias when estimating urban wage premium. First, spatial sorting of skilled workers aﬀects area-mean wage. Urban wage premium has an upward bias when skilled workers who earn high wage concentrate in big cities. This bias arising from spatial sorting of skills is called endogenous quality of labor. Second, higher wage in bigger cities attract more workers from outside cities. An upward bias arising from this reverse causality between wage and agglomeration is called endogenous quantity of labor. Combes et al. (2010) emphasize that spatial sorting of skills explains about half of the urban wage premium obtained by the standard method so far, whereas the bias arising from endogenous quantity of labor is not so crucial in empirical analysis. It is important to know that urban wage premium is also generated through the worker side. A standard theoretical implication of wage determination is that wage is determined at the point where marginal



7 revenue (price × marginal productivity of labor) equalizes to marginal cost (wage).7 Another channel is that agglomeration directly aﬀects workers’ productivities, which also increase marginal productivity of labor, resulting in higher wage. Indeed, de la Roca and Puga (forthcoming) oﬀers evidence on learning by working in big cities. Workers in big cities directly receive higher wages through their increasing productivities. Gould (2007) also shows that work experience in city increases wage and the white-collar workers continue to receive higher wages even after leaving cities, suggesting that big cities make workers more productive through a dynamic learning mechanism. As such, direct channel of urban wage premium can be expressed as siat = f (Densat , X it ), where f (·) is some function explaining workers’ skills, and X it denotes the vector of other individual characteristics (e.g., gender, age, education, working years). This expression says that city size of working location aﬀects human capital accumulation. It is also possible to consider this mechanism in the literature of human capital externalities. Recent attempt in the empirics of agglomeration economies is to distinguish urban wage premium between the two-step channel via TFP and spatial sorting of skills. The major approach to do so is to exploit workers’ panel dataset with interregional mobility. Controlling for spatial sorting of skills means shutting out the direct channel on workers’ skills, which are absorbed as workers’ fixed eﬀects. Therefore, Combes et al. (2011) implicitly assume that area fixed eﬀects of individual wages capture urban wage premium arising from the two-step channel. However, this two-step channel has not directly examined in the existing literature. Our main objective is to examine the validity of two-step channel that agglomeration increases TFP, and then increased TFP results in higher wage. Matched employer–employee data allows to examine the direct linkage between wage and TFP. Although our Japanese dataset is not designed as workers’ panel data, we propose a method to quantify the impact of two-step channel.



2.3 Identification Issues on Channels of Urban Wage Premium We discuss identification issues on channels of urban wage premium. To derive wage regression model, we specify individual workers’ skills as follows: 



siat = exp λ log(Densat ) + X it β ,
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If markets are imperfect, other factors also aﬀect wage rate.



8 where, for simplicity, we do not describe dynamic learning process in big cities. Note that λ captures not only spatial sorting of skills but also dynamic benefits from agglomeration economies if the workers’ fixed eﬀects are not controlled. Inserting individual skills siat into wage equation (4) and controlling for heterogeneities in industry γs and year τt , the regression model can be derived as follows: log(wijast ) = θ log(Densat ) + X it β + γs + πt + uijast ,



(7)



where θ (= α/ξ + λ) is a composite parameter, and uijast is an error term. An identification issue on channels of urban wage premium is that the coeﬃcient parameter of agglomeration variable θ consists of some parameters, which are not identified by only estimating the final specification. Even if fundamental assumptions diﬀer considerably between models, we have similar specifications of wage regression models. To distinguish channels of urban wage premium, we require additional identification conditions. Combes et al. (2008) propose their original method to control for the channel of workers’ skills (λ) using workers’ panel data with interregional mobility. Controlling for workers’ fixed eﬀects, they intend to estimate the two-step channel of α/ξ. However, their identification method captures not only urban wage premium through two-step channel but also other eﬀects on big cities. For example, establishments in big cities tend to be large-size ones, which oﬀer higher wages (e.g. Mion and Naticchioni, 2009). Therefore, the positive correlation between firm size and big cities makes identification of the two-step channel diﬃcult even after controlling for workers’ skills. Our study newly suggests another identification strategy for a two-step channel of urban wage premium using a matched employer–employee data. Our idea is to decompose θ into each factor, such as agglomeration economies and other establishment characteristics. Our approach exactly captures the impact of α/ξ in parameter θ and examines the validity of two-step channel. Matched employer–employee data allow us to directly capture the two-step channel.
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3 Empirical Methodology This section explains two empirical strategies to quantify the two-step channel of urban wage premium. An empirical issue is the mismatch of the unit of observations when we compare between individual workers’, establishment-level, and regional variables. To directly compare two variables in terms of the same unit of observations, we take a two-step or three-step approach, as used in Combes et al. (2008, 2010). For example, we examine the relationship between wage and TFP of equation (2) after matching the unit of observations between variables. See Appendix C for details of matching the unit of observations between variables.



3.1 Testing for Channel between Wage and TFP Our first objective is to check the validity of the channel between wage and TFP in equation (2). The theoretical model implies that the TFP elasticity of wage is 1/ξ in equation (2) when TFP is treated as exogenous variable. Taking the logarithm on both sides in equation (2), we have regression model as follows: log(w jat ) = ρ log(Aˆ jat ) + ηa + ψ j + γs + πt + e jat



(8)



where log(w jat ) is establishment mean hourly wage controlled for workers’ skills siat , and e jat is error term. The parameter of our interest is ρ, which is expected to be estimated as 1/ξ. If ξ ranges from 0.4 to 0.9, ρ is expected to range from 1.1 to 2.5.8 Estimating ρ in regression (8) will suﬀer from omitted variable bias. Note that the parameter ρ has an upward bias if a variable positively aﬀecting both wage and TFP is omitted. For example, as shown in the NEG theory (e.g., Fujita et al., 1999), the economics of scale may increase wage rate and TFP simultaneously. To solve estimation issues of omitted variable bias, we control for area and establishment fixed eﬀects ηa , respectively. Then, we examine whether ρ is significantly positive even if unobservable fixed eﬀects are controlled for.



8



The empirics of agglomeration economies inserts TFP determinant equation (3) into the wage equation (2) because the dataset is generally limited to workers’ data. However, the matched employer–employee data enable us to directly estimate equation (2).
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3.2 Decomposing Channels of Urban Wage Premium Our second objective is to quantify a two-step channel of urban wage premium. Matched employer– employee data enables us to decompose channels of urban wage premium. Consider wage regressions at the regional level as follow:9 Type



log(wat Type



where log(wat



Type



) = Zat θType + πrt



Type



+ εat



,



(9)



) is area-mean hourly wage, Type ∈ {Total1, Total2, Total3} denotes the types of channels



of urban wage premium, Zat is a vector of regional variables (employment density, share of university graduates, industrial diversity index, and labor market tightness), πrt is a regional block-year dummy (47 prefectures are divided into east and west blocks), and εat is an error term.10 Note that hourly wages are averaged at the area level (See Appendix C). Total1



We have three types of area-mean wages in regression (9). The first regression using log(wat



)



captures total eﬀects of urban wage premium between wage and agglomeration, and the logarithm of ) is the area-mean wage controlled for individual characteristics. This regression hourly wage log(wTotal1 at corresponds to a traditional framework before Combes et al. (2008) propose spatial sorting of skills. The coeﬃcient of logarithm of employment density captures overall eﬀects of agglomeration economies on wage including spatial sorting of skills and dynamic learning eﬀects in cities. ), which is area-mean wage controlled for not only individual The second regression using log(wTotal2 at characteristics but also establishment-level TFP, also captures total eﬀects of urban wage premium between wage and agglomeration, but the two-step channel via TFP is excluded from the total eﬀects of θTotal1 . In other words, the diﬀerence between θTotal1 and θTotal2 captures the two-step channel (wage ← TFP ← agglomeration). ), which is area-mean wage controlled for not only individual The third regression using log(wTotal3 at characteristics but also establishment-level TFP and firm size (employment and financial capita), also 9



An important aspect for empirical analysis is to use spatial variation in this regression. One might consider fixed eﬀect model to control for area fixed eﬀect. However, the fixed eﬀect model uses within-area temporal variation and drops information on agglomeration economies (i.e., size eﬀects). 10



One might consider to directly estimate the regression (7). One issue arising from the direct estimation is that insuﬃcient control for area-specific factors leads to bias in parameters β and φ. In other words, the direct estimation method cannot control for unobservable regional heterogeneity. For example, regional diﬀerences in labor markets will aﬀect the rate of return to education. To deal with this issue, labor economics literature controls for unobservable regional heterogeneity using regional dummies. The estimation results obtained by direct estimation will be diﬀerent from standard results in the labor economics literature. See also Combes et al. (2010).
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captures total eﬀects of urban wage premium between wage and agglomeration, but the two-step channel via TFP and firm size eﬀects on wage are excluded from the total eﬀects of θTotal1 . In other words, the diﬀerence between θTotal1 and θType3 captures a two-step channel as well as firm size eﬀects on wage. An advantage of our approach is that there is no necessity for directly controlling for workers’ fixed eﬀects using the panel data. We can cancel out spatial sorting of skills by taking the diﬀerences. Our quantification of urban wage premium can be derived from the diﬀerence between θType . In particular, the validity of the two-step channel can be estimated as follows: Two-Step Channel of Urban Wage Premium = θTotal1 − θTotal2 .



An estimation issue is that wage regression (9) might suﬀer from endogeneity issues between wage and agglomeration. Combes et al. (2011) point out that the endogenous quantity of labor leads to bias in estimating the parameter of employment density. Regions with higher wages attract workers from outside regions, resulting in becoming bigger cities. The endogeneity of the employment density is dealt with by the instrumental variable (IV) estimation. In this literature, Ciccone and Hall (1996) use a long-lagged population density and many previous studies, such as Combes et al. (2010) and de la Roca and Puga (forthcoming), confirm that it works well to control for endogeneity. This study uses population density in 1930.



4 Data and Variables 4.1 Matched Employer–Employee Data in Japanese Manufacturing Sector We combine individual workers’ data with their working establishments’ data in the Japanese manufacturing sector between 1993–2013.11 Individual workers’ data are taken from the Basic Survey on Wage Structure (BSWS) conducted by the Ministry of Health, Labour and Welfare each year. We focus on workers in the manufacturing sector in order to match workers’ dataset with the establishment-level panel data. Establishment-level panel data in the manufacturing sector are taken from the Census of Manufacture (in 1993–2010, 2012–2013) and the Economic Census for Business Activity (in 2011) conducted by the Ministry of Economy, Trade and Industry each year. 11



See Appendix A for details on the construction of matched data.
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The BSWS includes workers’ information, such as gender, age, educational background (junior high school, high school, junior college, and university), type of employment (regular worker or non-regular worker), type of worker (production worker or non-production worker), class of position, actual number of days worked, hours worked (actual number of scheduled hours worked and actual number of overtime worked), earnings (monthly contractual cash earnings and annual special cash earnings), years of working for the establishment as well as their working establishment information.12 The BSWS is designed to conduct survey at the establishment level, which allows us to match with other establishment datasets via their firm name, location, telephone number, and so on. The Census of Manufacture (CM) has two forms of questioners. Form A (Kou) covers establishments with 30 or more employees, and Form B (Otsu) covers establishments with 29 or fewer employees. This study focuses on establishments with 30 or more employees because data on capital stock are available only for Form A.



4.2 Variables The dependent variable, hourly wage, is calculated as follows. First, we calculate the total monthly earnings by the sum of monthly contractual cash earnings and per month annual special cash earnings. Second, we calculate hourly wage by dividing the total monthly earnings by monthly actual number of hours worked. Finally, hourly wage is deflated by the consumer price index (2010=100). In line with the labor economics literature, we control for education level, age, years of working for the establishment, gender, class of position, type of worker. Education levels are considered as dummies of high school graduates, junior college graduates, and university graduates (baseline represents junior high school graduates). As for TFP estimation, we use value added as a dependent variable. The value added is calculated as total amount of production minus total material, fuel, and energy consumed and subcontracting expenses for production outsourcing. Labor is considered as total annual hours worked. Our dataset has the total annual number of workers. Using average annual hours worked in the manufacturing sector, which are taken from the Monthly Labor Statistics (Ministry of Health, Labour and Welfare), total annual hours
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Educational information is limited only for the regular workers in the BSWS. Our sample does not include non-regular workers. Occupational career is available only for establishments with 100 employee or more. We construct dummies for two classes of managers.



13 worked are calculated by multiplying the annual number of workers by the hours worked.13 Capital stock is measured as book values at end of year. All nominal values of outputs, intermediate inputs, and capital stock are deflated by each price index. The deflators of output price, input price, and investment price are constructed by price indices available from the Bank of Japan (2011=100). Monthly price indices are yearly averaged. See Appendix B for details of TFP estimation. Regional variables are constructed from municipal data of population census. Our first key explanatory variable is the employment density. The number of workers at the municipality level are taken from 1990, 1995, 2000, 2005, 2010 population censuses, and the linear interpolation is implemented between each 5 years. Also, linear interpolation between 2010 and 2015 is implemented using the percentage change in population, not labor force, owing to data limitation.14 An estimation issue is that geographical units of regional data correspond to administrative units, not economic areas. Workers and consumers move over municipal borders by commuting and shopping, and there is a geographical mismatch between their residential places and locations of working and consumption. Simple employment density at the administrative unit suﬀers from border discontinuity and does not include potential people who can access from outside areas. To take into account potential workers including surrounding municipalities, we calculate spatially  smoothed employment density following the concept of market potential. Let  xa = Rb=1 I(dab < d) · xb denote the spatially local sum of municipality a, where R stands for the number of municipalities; xb is the raw data of municipality b; and I(dab < d) is the indicator function that takes the value of 1 if the distance between municipalities a and b is less than d km and 0 otherwise.15 We set d = 30 km considering local labor markets and commuting distance. The spatially smoothed population density is calculated  /Area  at , where Emp  and Area  at are spatial local sums of population and area of as Densat = Emp at at municipality a, respectively. Our second key variable is the share of university graduates. The share of university graduates is calculated as the ratio of university graduates to total number of graduates (students at the time of survey 13



The CM starts to distinguish workers into regular and non-regular workers from 2001. We calculate hours worked adjusted for regular and non-regular workers in the period 2001–2013. However, we do not separate annual hours worked between regular and non-regular workers as two explanatory variables. The logarithm of the sum of hours worked for regular and non-regular workers is used as an explanatory variable. 14 15



Population by municipality is currently available from the 2015 population census.



The latitudes and longitudes of municipalities are obtained by the GIS software and the bilateral distances between any two municipalities are calculated by the formula suggested by Vincenty (1975).
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are excluded). University graduates and total number of graduates are taken from 1990, 2000, and 2010 population census, and the linear interpolation is implemented between each 10 years. However, linear interpolation between 2010 and 2015 is implemented using the percentage change in population. The share of university graduates is also calculated in a similar manner to the spatially smoothed employment density.  Relative industrial diversity index of municipality a is constructed as 1/( m=1 sa,m − sm ), where sa,m is the share of workers in sector m in municipality a and sm is the share of workers in sector m at the national level (Duranton and Puga, 2000). The number of workers at the municipality level by large division of the Japan Standard Industrial Classification are taken from 1990, 1995, 2000, 2005, 2010 population censuses, and the linear interpolation is implemented between each 5 years. Also, linear interpolation between 2010 and 2015 is implemented using the percentage change in population. To control for regional heterogeneity across labor markets, we introduce labor market tightness, which is considered in the search theory. We newly estimate municipal level labor market tightness from the prefecture level data, which are available from the Report on Employment Service by the Ministry of Health, Labour and Welfare. We take weighted average of prefecture level labor market tightness using the number of municipalities locating within the circle of 30 km radius from the municipality a. Figure 1 illustrates the concept of spatially smoothed employment density and provides the case of Chiyoda-ku, Tokyo. The employment density of Chiyoda-ku covers the surrounding 68 municipalities located within the circle of 30 km radius from the centroid. In the existing literature, Combes et al. (2008) use simple employment density as well as the market potential of employment density. However, our employment density, which is constructed by separately calculating employed persons and areas and then taking those ratio, simultaneously considers spatially contiguous areas as a single variable. [Figure 1] Table 1 presents descriptive statistics of variables, which are divided into characteristics on individual workers, establishments, and regions, respectively. Our sample covers 3,262,517 individual workers in pooled data between 1993 and 2013, 32,981 establishments (102,765 in pooled data), and 1,531 municipalities (22,404 in pooled data). The number of municipality in Japan is 1,741 as of April 5, 2014, and our dataset covers about 88% of municipalities. Table 2 present the correlation matrix between regional variables. We can see highly positive correlation
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between employment density, and share of university graduates. To avoid collinearity issues between them, we include those regional variables one-by-one in our empirical analysis. [Tables 1–2]



5 Estimation Results 5.1 Weak Connections between Nominal Wage and TFP Figure 2 shows the correlation between establishment-mean wage and establishment-level TFP. Panel (a) of Figure 2 illustrates their level-variation and we can see the positive correlation between them. In turn, Panel (b) of Figure 2 illustrates the variation of their first diﬀerences. If we control for fixed factors of establishment and geography, observed positive correlation disappears, implying that unobservable omitted factors simultaneously explains wage and productivity. Visual observations in Figure 2 are next examined by the regression analysis. Table 3 presents the estimation results with several model specifications. Column (1) oﬀers a benchmark results and the TFP elasticity of wage is 0.121, whereas this parameter value theoretically expected from the partial equilibrium is more than 1. We confirm that this elasticity is estimated less than 1 even if alternative productivities and wages are chosen. Furthermore, the elasticity becomes slightly smaller, 0.097, if area dummies are included in Column (2). The inclusion of establishment dummies further diminishes the elasticity to 0.013 in Column (3). This value is much smaller than theoretically expected. As shown in Column (4), the first diﬀerence regression does not show significance for the elasticity of TFP on wage. The increase in wage may not immediately follow the increase of productivity owing to the wage rigidity in a short term. To consider the lag structure between wage determination and productivity, one-year lagged productivity is included in Columns (5)–(8). Column (5) shows that the one-year lagged productivity has a significant correlation and bigger than the contemporaneous productivity. However, the value of elasticity is much smaller than theoretically expected, either. As shown earlier, controlling for establishment fixed eﬀects drastically isolates the correlation between wage and productivity. Our findings do not qualitatively change if we add two-year or higher lagged productivities. In sum, our findings suggest that there is no stronger relation between wage and productivity than



16



theoretically expected, and their positive correlation mainly comes from establishment fixed eﬀects, suggesting that the two-step channel of urban wage premium is quite limited even if agglomeration economies increase establishment TFP. [Figure 2 and Table 3]



5.2 Quite Small Urban Wage Premium by Two-Step Channel Figure 3 illustrates correlations between area-mean wage controlled for individual characteristics and regional variables. Consistent with previous findings, employment density and share of university graduates are positively correlated with wage, respectively. We quantify their elasticities by regression analysis. [Figure 3] Table 4 presents the estimation results of the impact of employment density on wage. Column (1)–(3) in Table 4 show benchmark estimation results obtained by OLS. In Column (1), the density elasticity of wage is positive and significant, and the value is 0.081.16 This elasticity captures total eﬀects of employment density, such as two-step channel, establishment characteristics eﬀects, spatial sorting of skills, dynamic learning eﬀects. In Column (2), we estimate impact of employment density on wage excluding the twostep channel, which is 0.073. In other words, the diﬀerence between Columns (1) and (2) captures the urban wage premium arising from the two-step channel, and the implied elasticity is 0.008. This value is quite small than expected in the literature. For example, using the French workers’ panel dataset, Combes et al. (2010) find that the elasticity is 0.027 after controlling for spatial sorting of workers. Furthermore, de la Roca and Puga (forthcoming) find 0.025 using the Spanish workers’ panel data. Column (3) gives an important clue to understand why our estimates are much smaller than those in the existing literature. After controlling for firm size in terms of employment and financial capital, we find that the density elasticity is 0.063, which means that firm size diﬀerences between cities aﬀect estimation results of urban wage premium. The diﬀerence between Columns (1) and (3) captures both the urban wage premium arising from the two-step channel and firm size eﬀects on wage, and the implied elasticity
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Morikawa (2011) shows that the density elasticity of wage is 0.059 in Japan, but population density measured in an administrative unit is used and note that it is not directly compatible with ours.
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is 0.018. Our estimation results suggest that, unlike the findings in the existing literature, the two-step channel of urban wage premium has only a small magnitude. Columns (4)–(7) of Table 4 oﬀers robustness check of our benchmark results using IV estimation method. We control for a reverse causality between wage and employment density. As shown in Column (4), our instrumental variables for logarithm of employment density is the logarithm of employment density in 1930 and its squared variable. As discussed in Combes et al. (2011), we can hardly see that endogenous quantity of labor leads to a bias in Columns (5)–(7). IV estimation results are basically the same as those of OLS. Our findings raise an important question about the interpretation of the two-step channel of urban wage premium. The existing literature interprets that the density elasticity of wage captures the two-step channel of urban wage premium by controlling for spatial sorting of skills. However, our estimation results suggest that other firm characteristics relating to city size give an upward bias on urban wage premium. Indeed, we find that two-step channel of urban wage premium is quite limited even if agglomeration economies increase establishment TFP, suggesting that the previous studies capture not only two-step channel but also eﬀects arising from firm size diﬀerences between cities. [Table 4]



5.3 Extending Two-Step Channel to Human Capital Externalities Our empirical approach can be extended to the literature of human capital externalities. Table 5 presents estimation results in the case of human capital externalities. As shown earlier, Column (1)–(3) in Table 5 show benchmark estimation results obtained by OLS. In Column (1) of Table 5, the semi-elasticity of share of university graduates on wage is 1.658. According to Moretti (2004a), who investigates the human capital externalities on wage using US workers’ panel dataset, the semi-elasticity of the share of university graduates on wage ranges from 1.08 to 1.31 depending model specifications, and our estimates are slightly higher than those values. In Column (2), our semielasticity is 1.496 and, thus, the diﬀerence in estimated elasticities between Columns (1) and (2) is 0.162. This value captures the two-step channel through which the share of university graduates first increases TFP, and then increased TFP results in higher wage. In Column (3), firm size (employment size and financial capital) is additionally controlled for from



18



Column (2), and the semi-elasticity of the share of university graduates of wage is 1.293. The diﬀerence in estimated elasticities between Columns (1) and (3) is 0.365, which is about 2.2 times greater than the diﬀerence between Columns (1) and (2). Our finding suggests that bigger firms tend to be located in cities with higher share of university graduates and, as a result, firm size diﬀerences between cities lead to an upward bias when estimating the two-step channel of urban wage premium. Column (4)–(7) of Table 5 present robustness check by the IV estimation method. The share of university graduates might be endogenous if higher wages attract high skilled workers, and then the reverse causality between wage and skill intensity leads to an upward bias. Similar to the employment density, we use logarithm of population density in 1930 and its squared variable as instrumental variables for the share of university graduates. Overall, the semi-elasticities estimated by the IV method are slightly higher than those of OLS in Columns (5)–(7). However, the diﬀerences between elasticities are almost the same as those in Columns (1)–(3). The diﬀerence in estimated elasticities between Columns (5) and (6) is 0.166, and the diﬀerence in estimated elasticities between Columns (5) and (7) is 0.374. In sum, our findings reveal that one percentage point spatial diﬀerence in the share of university graduates leads to 0.166% increase in wage through the two-step channel. [Table 5]



6 Conclusion This study has discussed identification issues on channels of urban wage premium. Recent studies in the empirics of agglomeration economies attract attentions of many researchers, but we should carefully interpret estimation results when identifying channels of urban wage premium. Even if fundamental assumptions diﬀer considerably between diﬀerent models, we finally obtain similar regression models in the empirical studies, which makes the interpretation inseparable between diﬀerent models. This study has proposed a new empirical strategy to exactly identify channels of urban wage premium using the Japanese matched employer–employee data. We have found that the channel between wage and TFP is much weaker than theoretically expected. More importantly, this study has revealed that a standard wage regression approach used in the empirics of agglomeration economies captures not only the two-step channel of urban wage premium but also
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other diﬀerent eﬀects, even if the spatial sorting of skills are controlled for. Our estimation results have shown that the magnitude of the two-step channel of urban wage premium is quite smaller than those in the existing literature. The main reason comes from the fact that bigger establishments are, on average, concentrated in bigger cities, which leads to an upward bias when quantifying the two-step channel of urban wage premium. Our findings have important policy implications. Although it is widely believed that agglomeration economies, on average, increase individual wages through firm TFP, the eﬀect is quite limited. On the other hand, according to de la Roca and Puga (forthcoming), longer work experience in cities make workers more productive directly, which leads to higher wages. We believe that this study enriches our understanding of channels of the urban wage premium. Further studies are also needed to open the black box of the urban wage premium.
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Appendix A



Constructing Matched Employer–Employee Data



Following Kawaguchi and Kambayashi (2010), we use information on prefecture, municipality, and telephone number of establishments in order to match establishments between Basic Survey of Wage Structure (BSWS) and Census of Manufacture (Economic Census for Business Activity only in 2011) between 1993–2013. The sampling design of the BSWS is based on the establishment level and thus individual workers have establishment ID. The establishment lists obtained by the Establishment and Enterprise Census and the Economic Census for Business Frame are used for sampling and we can easily match them with the individual workers’ dataset via establishment ID. Therefore, all we need to do to make a matched employer–employee data is to match any other establishment-level datasets with these establishment lists. The data construction proceeds as follows. First, we construct establishment-level panel dataset from the Census of Manufacture and the Economic Census for Business Activity between 1993 and 2013. The inter-temporal connection table of establishment ID is available from the METI. Second, the establishmentlevel panel dataset is constructed from the Establishment and Enterprise Census and the Economic Census for Business Frame. The Establishment and Enterprise Census is conducted in 1991, 1994, 1996, 1999, 2001, 2004, and 2006 and the Economic Census for Business Frame is conducted in 2009. After the 2001 census, these data include establishment ID allocated in the previous censuses when establishment were surveyed before. Third, the establishment-level panel dataset of the Census of Manufacture is matched with the establishment data of the Establishment and Enterprise Census and the Economic Census for Business Frame for each corresponding year except 1996 and 1999.17 The panel structure of the establishment-level dataset enables us to retrospectively allocate establishment ID year-by-year between 1991, 1994, 1996, 1999, 2001, 2004, 2006, and 2009. [Table D.1]



17



The Census of Manufacture in 1993 and the Establishment and Enterprise Census in 1991 are exceptionally matched. The information on telephone number is not included in 1996 and 1999 Establishment and Enterprise Censuses. The Establishment and Enterprise Census in 2001 includes establishment ID for the Establishment and Enterprise Censuses in 1996 and 1999 and thus establishments surveyed only in 1996 and/or 1999 are dropped from the matched data.
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Appendix B



TFP Estimation



Taking the logarithm of Cobb-Douglas production function (1), we have log(q jt ) = ξ0 + ξl log(l jt ) + ξk log(k jt ) + ω jt + e jt



(10)



where q jt is value added, l jt is the number of workers, and k jt is capital stock. The error term is assumed to consist of two components: the unobserved productivity ω jt that aﬀects establishment’s investment decision and the i.i.d. idiosyncratic shock u jt , which has no impact on the establishment’s investment decision. Establishment-level dataset has no information on workers’ skill and we use number of workers at this state. Production function is estimated by Wooldridge-Levinsohn-Petrin approach (Levinsohn and Petrin, 2003; Petrin and Levinsohn, 2012; Wooldridge, 2009). After getting consistent estimates for output elasticities of labor and capital (ξˆl and ξˆk ), we have establishment-level TFP as follows: log(Aˆ jat ) = log(q jt ) − ξˆl log(l jt ) − ξˆk log(k jt ).



In the estimation, the costs of electricity consumed are used as a proxy variable of productivity shock. Instrumental variable for labor input is its lagged variable. To consider heterogeneity in production technology across industries, establishment-level TFP is estimated by two-digit level industry. Finally, to make TFP comparable across industries, industry fixed eﬀects are removed. Figure B.1 shows estimated output elasticities of labor and capital by industry. [Figure B.1]
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Appendix C



Two-Step Estimation Approach for TFP and Wage



C.1 Area-Mean TFP The area-year mean TFP is computed by controlling for establishment characteristics as follows: log(Aˆ jast ) = ηat + X jt φ + γs + v jast , TFPat =



nat 



1 exp log(Aˆ jast ) − X jt φˆ − γˆ s , nat j=1



where X jt includes average variables of workers’ characteristics (share of university graduates, average age and its squared term, average years of working and its squared term, share of white collar workers, share of non-regular workers, share of female workers). Note that estimates of dummies are the geometric mean because the dependent variable is expressed on the log scale. We rescale them to arithmetic mean using residuals. Estimation results of the first-step regressions using individual workers dataset are shown in Table C.1. [Table C.1]



C.2 Establishment-Mean and Area-Mean Wages We compute establishment-level mean wage controlled for individual characteristics as follows: log(wijast ) = ψ jt + X it β + uijast , w jast



n jt 



1 = exp log(wijast ) − X it βˆ n jt i=1



where establishment mean wage is calculated as residual wages averaged across workers by establishment. Note that industry control is not done yet at this stage. In the same manner, we compute mean wage for each area and year from individual workers’ dataset
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as follows: log(wijast ) = ηat + X it β + γs + uijast , nat 



1 wat = exp log(wijast ) − X it βˆ − γˆ s , nat i=1



This area-year mean wage wat controls for the fact that the quality of workers is not equally distributed in geographical space. Urban wage will be observed higher on average if skilled workers tend to be located in big cities, but this does not mean positive externalities arising from agglomeration economy. Estimation results of the first-step regressions using individual workers dataset are shown in Table C.2. In column (1), estimates of establishment-year dummies are used as mean wage for each establishment and year at the second step. In column (2), estimates of area-year dummies are used as mean wage for each municipality and year at the second step. For both cases, we compute arithmetic mean of wages rather than geometric mean of wages. Note that estimates of dummies are the geometric mean because the dependent variable is expressed on the log scale. [Table C.2] Also we compute mean wage for each area and year controlled for individual characteristics and firm characteristics as follows: log(w jast ) = ηat + H jt ϕ + γs + u jast , Type



wat



=



nat 



1 ˆ − γˆ s , exp log(w jast ) − H jt ϕ nat i=1



where Type ∈ {Direct1, Direct2}, and H is a vector of firm characteristics (TFP, employment size, and is estimated only using TFP, and the wage wDirect2 is estimated using all three capital). The wage wDirect1 at at variables of firm characteristics. Estimation results are shown in Table C.3 [Table C.3]
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Appendix D



Testing for Agglomeration Eﬀects on TFP



We also examine whether agglomeration, on average, increases TFP. Our TFP regression is given by 



log TFPat = Zat θ + πrt + εat .



Figure E.1 illustrates the correlation between TFP and agglomeration variables (employment density or share of university graduates). Similar to the correlation between wage and agglomeration, Figure E.1 shows a positive correlation between them. [Figure E.1] Table E.1 presents the estimation results regarding TFP and agglomeration. Columns (1)–(2) show the case of employment density. Our benchmark estimation results in Column (1) show that the density elasticity on TFP is 0.085, which is higher than 0.04 obtained in Combes et al. (2010). Column (2) shows the IV estimation results, but the magnitude is almost the same as that of OLS. Columns (3)–(4) shows the case of share of university graduates. In Column (3), the semi-elasticity of the share of university graduates on TFP is 1.847. Column (4) shows the IV estimation results, and the semi-elasticity of IV estimation is slightly smaller than that of OLS estimation. In sum, our estimation results in Table E.1 provide evidence that the employment density and share of university graduates increase TFP, respectively. However, our new findings in this study are that these agglomeration eﬀects on TFP are limited for the wage increase via the two-step channel. Rather, direct channel of urban wage premium through learning by working in big cities might is more crucial in terms of the magnitude of urban wage premium. [Table E.1]
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Table 1: Descriptive Statistics, 1993–2013 Variables Individual Characteristics Log(Hourly Wage) D(1=High School) D(1=Junior College) D(1=University) Age Working Years Dummy (1=White Collar) Dummy (1=Non-Regular Worker) Dummy (1=Division Manager) Dummy (1=Section Chief) Dummy (1=Female) Establishment Characteristics Log(Establishment Mean Hourly Wage) Log(Establishment Level TFP) Log(Employment Size) Log(Financial Capital) Regional Characteristics Log(Area Mean TFP) Log(Area Mean Wage) for Total1 Log(Area Mean Wage) for Total2 Log(Area Mean Wage) for Total3 Log(Employment Density) Share of University Graduates Log(Population Density in 1930) Log(Population Density in 1930) Squared Log(Centrality) Relative Industrial Diversity Index Labor Market Tightness



Obs.



Mean



S.D.



Median



3262517 3262517 3262517 3262517 3262517 3262517 3262517 3262517 3262517 3262517 3262517



7.552 0.637 0.073 0.161 39.757 13.645 0.363 0.046 0.014 0.036 0.261



0.483 0.481 0.260 0.367 12.025 10.847 0.481 0.210 0.118 0.186 0.439



7.541 1.000 0.000 0.000 40.000 11.000 0.000 0.000 0.000 0.000 0.000



102765 102765 102765 102765



6.379 4.638 7.972 9.746



0.231 0.860 1.034 2.647



6.385 4.597 7.767 8.987



22404 22404 22404 22404 22404 22404 22404 22404 22404 22404 22404



5.713 6.444 5.845 5.547 6.253 0.127 5.455 0.306 2.015 3.849 0.733



0.577 0.185 0.168 0.147 0.917 0.048 0.944 0.106 0.336 1.965 0.263



5.722 6.464 5.858 5.558 6.131 0.121 5.442 0.296 2.009 3.311 0.678



Note: The uppermost and lowermost 0.25 percentile of the distribution of hourly wage is excluded from the sample as extreme outliers. Hourly wage is deflated by the consumer price index (2010=1). Employment density is expressed in employed persons per kilometers squared and population density in1930 is expressed in total population per kilometers squared. Centrality of , where dab is the great-circle distance between areas a and b. area a is measured as the sum of inverse distance b=1 d−1 ab
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Table 2: Correlation Matrix of Regional Variables, 1993–2013 Variables (1) Log(Employment Density) (2) Share of University Graduates (3) Log(Industrial Diversity Index) (4) Log(Labor Market Tightness) Note: Sample in Table 1.



(1)



(2)



(3)



(4)



1.000 0.861 0.396 0.044



1.000 0.401 0.100



1.000 0.065



1.000
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Table 3: Wage and TFP Linkages Dependent Variable: log(w jt ) Explanatory Variables Log(TFP jt )



(1)



(2)



(3)



(4)



(5)



(6)



(7)



(8)



0.121*** (0.002)



0.097*** (0.001)



0.013*** (0.001)



0.001 (0.001)



No No Yes Yes



Yes No Yes Yes



Yes Yes Yes Yes



Yes Yes Yes Yes



0.070*** (0.002) 0.065*** (0.002) No No Yes Yes



0.056*** (0.002) 0.051*** (0.002) Yes No Yes Yes



0.007*** (0.001) 0.011*** (0.001) Yes Yes Yes Yes



0.001 (0.002) 0.003** (0.001) Yes Yes Yes Yes



103848 32981 0.199



103848 32981 0.387



103848 32981 0.057



46796 18140 0.013



46796 18140 0.243



46796 18140 0.434



46796 18140 0.066



21250 5063 0.017



Log(TFP j,t−1 ) Area Fixed Eﬀects Establishment Fixed Eﬀects Year Dummy Two-Digit Industry Dummy Number of Observations Number of Establishment Adjusted/Within R2



Note: Heteroskedasticity-consistent standard errors clustered at establishment level are in parentheses. Constant is not reported. * denotes statistical significance at the 10% level, ** at the 5% level, and *** at the 1% level.
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Table 4: Estimation Results for Wage and Employment Density Type



Dependent Variable: log(wat ) Total1



Total2



Total3



Total1



Total2



Total3



(5)



(6)



(7)



0.082*** (0.004) 0.036*** (0.007) 0.124*** (0.011)



0.074*** (0.003) 0.023*** (0.006) 0.099*** (0.009)



0.065*** (0.003) 0.013*** (0.005) 0.081*** (0.008)



OLS Explanatory Variables Log(Employment Density) Log(Industrial Diversity Index) Log(Labor Market Tightness)



IV



(1)



(2)



(3)



0.081*** (0.003) 0.036*** (0.007) 0.124*** (0.011)



0.073*** (0.003) 0.024*** (0.005) 0.099*** (0.009)



0.063*** (0.002) 0.014*** (0.005) 0.082*** (0.008)



First Stage Estimation Log(Employment Density 1930)



0.383*** (0.111) 3.697*** (0.958)



Log(Employment Density 1930) Squared Regional Block–Year Dummy Wage Control for TFP Wage Control for Firm Size Number of Observations Number of Municipalities Adjusted R2 First Stage Overidentification



(4)



Yes No No



Yes Yes No



Yes Yes Yes



Yes



Yes No No



Yes Yes No



Yes Yes Yes



22404 1531 0.251



22404 1531 0.236



22404 1531 0.215



22404 1531



22404 1531 0.251



22404 1531 0.236



22404



0.667



0.703



0.253



0.214



1767.674



Note: Heteroskedasticity-consistent standard errors clustered at municipal level are in parentheses. Instrumental variables for the logarithm of employment density are the population density in 1930 and its squared variable. Constant is not reported. * denotes statistical significance at the 10% level, ** at the 5% level, and *** at the 1% level.



31



Table 5: Estimation Results for Wage and Share of University Graduates Type



Dependent Variable: log(wat ) Total1



Total2



Total3



Total1



Total2



Total3



(5)



(6)



(7)



1.794*** (0.085) 0.030*** (0.007) 0.105*** (0.010)



1.628*** (0.072) 0.018*** (0.006) 0.081*** (0.009)



1.420*** (0.063) 0.008 (0.005) 0.066*** (0.008)



OLS Explanatory Variables Share of University Graduates Log(Industrial Diversity Index) Log(Labor Market Tightness)



IV



(1)



(2)



(3)



1.658*** (0.064) 0.035*** (0.007) 0.107*** (0.010)



1.496*** (0.054) 0.023*** (0.005) 0.084*** (0.008)



1.293*** (0.047) 0.013*** (0.005) 0.068*** (0.007)



First Stage Estimation Log(Employment Density 1930)



0.003 (0.006) 0.293*** (0.055)



Log(Employment Density 1930) Squared Regional Block–Year Dummy Wage Control for TFP Wage Control for Firm Size Number of Observations Number of Municipalities Adjusted R2 First Stage Overidentification



(4)



Yes No No



Yes Yes No



Yes Yes Yes



Yes



Yes No No



Yes Yes No



Yes Yes Yes



22404 1531 0.263



22404 1531 0.247



22404 1531 0.226



22404 1531



22404 1531 0.262



22404 1531 0.246



22404



0.092



0.390



0.973



0.225



1009.766



Note: Heteroskedasticity-consistent standard errors clustered at municipal level are in parentheses. Instrumental variables for the share of university graduates are the population density in 1930 and its squared variable. Constant is not reported. * denotes statistical significance at the 10% level, ** at the 5% level, and *** at the 1% level.
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Table C.1: First-Step Estimation Results for Two-Step Regressions Dependent Variable: log(Aˆ jast ) For Area-Year Mean TFP Explanatory Variables Area × Year Dummy (ηat ) Share of University Graduates Age Age Squared (×1/100) Working Years Working Years Squared (×1/100) Share of White Collar Workers Share of Non-Regular Worker Share of Female Workers Two-Digit Industry Dummies Number of Observations Adjusted R2



(1) Yes 0.427*** (0.073) 0.007 (0.013) −0.059*** (0.016) 0.025*** (0.006) 0.084*** (0.020) −0.048 (0.049) 0.196*** (0.041) −0.652*** (0.043) Yes 102765 0.487



Note: Heteroskedasticity-consistent standard errors clustered at the establishment level are in parentheses. Observations are weighted by the number of establishment in each municipality to control for heteroskedasticity. Constant is not reported. * denotes statistical significance at the 10% level, ** at the 5% level, and *** at the 1% level.
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Table C.2: First-Step Estimation Results for Two-Step Regressions Dependent Variable: log(wi jast ) For Area-Year Mean Wage



For Establishment–Year Mean Wage



(1)



(2)



Two-Digit Industry Dummies



Yes No 0.068*** (0.002) 0.095*** (0.003) 0.166*** (0.005) 0.036*** (0.000) −0.041*** (0.001) 0.023*** (0.000) −0.018*** (0.001) 0.120*** (0.002) −0.204*** (0.004) 0.392*** (0.006) 0.232*** (0.004) −0.332*** (0.003) Yes



No Yes 0.054*** (0.001) 0.085*** (0.002) 0.135*** (0.002) 0.039*** (0.000) −0.042*** (0.000) 0.020*** (0.000) −0.018*** (0.000) 0.106*** (0.001) −0.276*** (0.004) 0.385*** (0.003) 0.222*** (0.002) −0.293*** (0.002) Yes



Number of Observations Adjusted R2



3262517 0.788



3262517 0.853



Explanatory Variables Establishment × Year Dummy (ψ jt ) Area × Year Dummy (ηat ) D(1=High School) D(1=Junior College) D(1=University) Age Age Squared (×1/100) Working Years Working Years Squared (×1/100) D(1=White Collar) D(1=Non-Regular Worker) D(1=Division Manager) D(1=Section Chief) D(1=Female)



Note: Heteroskedasticity-consistent standard errors clustered at the establishment level are in parentheses. Observations are weighted by the number of workers in each municipality to control for heteroskedasticity in Column (1). Observations are weighted using sampling weight in each establishment to control for heteroskedasticity in Column (2). Constant is not reported. * denotes statistical significance at the 10% level, ** at the 5% level, and *** at the 1% level.
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Table C.3: Estimation Results for Wage Regressions Dependent Variable: log(w jast )



Explanatory Variables Area × Year Dummy (ηat ) Log(TFP)



For Area-Year Mean Wage log(wTotal2 ) at



For Area-Year Mean Wage log(wTotal3 ) at



(1)



(2)



Yes 0.105*** (0.002)



Yes



Yes 0.052*** (0.002) 0.029*** (0.002) 0.033*** (0.001) Yes



102765 0.662



102765 0.732



Log(Employment Size) Log(Financial Capital) Two-Digit Industry Dummies Number of Observations Adjusted R2



Note: Heteroskedasticity-consistent standard errors clustered at the establishment level are in parentheses. Observations are weighted by the number of workers in each municipality to control for heteroskedasticity. Constant is not reported. * denotes statistical significance at the 10% level, ** at the 5% level, and *** at the 1% level.
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Table D.1: Sample Size of Matched Employer-Employee Data in Manufacturing Sector Sample for This Study Year



Matching Results



BSWS # Workers



CM↔BSWS # Estab.



# Estab.



BSWS (Full) # Estab.



Matching Rate %



1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013



180,024 165,972 173,700 216,663 212,020 192,872 190,878 183,451 179,045 170,496 170,023 219,001 113,434 130,871 124,610 126,079 122,645 120,666 60,037 108,262 101,768



5,336 4,854 5,112 6,786 6,678 5,965 5,935 5,706 5,565 5,435 5,445 7,348 3,702 4,120 4,003 4,074 3,925 3,859 2,072 3,538 3,307



11,750 10,599 11,063 14,915 14,790 12,988 12,855 12,443 12,072 12,954 12,845 13,801 7,819 8,777 8,427 8,973 9,204 8,587 5,663 8,117 8,008



16,353 15,158 16,111 19,437 19,539 18,523 18,021 17,270 16,566 16,847 16,580 17,248 9,277 10,246 9,876 10,346 10,592 9,973 9,881 10,616 10,348



71.9% 69.9% 68.7% 76.7% 75.7% 70.1% 71.3% 72.0% 72.9% 76.9% 77.5% 80.0% 84.3% 85.7% 85.3% 86.7% 86.9% 86.1% 57.3% 76.5% 77.4%



Total



3,262,517



102,765



226,650



298,808



75.9%



Note: BSWS stands for Basic Survey of Wage Structure. CM stands for Census of Manufacture.
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Table E.1: Estimation Results for TFP and Agglomeration 



Dependent Variable: log TFPat Explanatory Variables Log(Employment Density)



(1)



(2)



0.085*** (0.010)



0.085*** (0.012)



Share of University Graduates Log(Industrial Diversity Index) Log(Labor Market Tightness) Regional Block–Year Dummy Number of Observations Number of Municipalities Adjusted R2 First Stage Overidentification



0.092*** (0.019) 0.212*** (0.030) Yes



0.092*** (0.019) 0.210*** (0.030) Yes



22404 1531 0.051



22404 1531 0.051 1767.674 0.176



(3)



(4)



1.847*** (0.185) 0.086*** (0.019) 0.193*** (0.030) Yes



1.795*** (0.263) 0.087*** (0.020) 0.192*** (0.030) Yes



22404 1531 0.055



22404 1531 0.055 606.491 0.079



Note: Heteroskedasticity-consistent standard errors clustered at municipal level are in parentheses. Instrumental variables for the logarithm of employment density and share of university graduates are the logarithm of population density in 1930 and its squared variable. Constant is not reported. * denotes statistical significance at the 10% level, ** at the 5% level, and *** at the 1% level.
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Figure 1: Spatially Smoothed Employment Density (Chiyoda-ku,Tokyo) Note: Created by author. Chiyoda-ku, Tokyo is the center of the circle of 30 km radius. In total, 68 municipalities are included within the circle. The spatially smoothed population density of Chiyoda-ku is calculated from the population divided by inhabitable area in green colored area.
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(a) Level



(b) First Diﬀerence



Figure 2: Establishment Mean Wage and Total Factor Productivity Note: Created by author. In Panel (a), establishment-year mean wages and TFP are averaged across years as   w j = 1/T j t w jt and TFP j = 1/T j t TFP jt , where T j is the number of years for establishment j observed in the sample.
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Figure 3: Wage and Agglomeration Note: Created by author. Area-year mean wages, employment density, and share of university graduates are,    respectively, averaged across years as wa = 1/Ta t wat , Densa = 1/Ta t Densat , and Univa = 1/Ta t Univat , where Ta is the number of years for municipality a observed in the sample.
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(b) Output Elasticity of Capital



Figure B.1: Output Elasticity of Labor and Capital by Sector Note: Created by author. Numbers in figure indicate industry codes. 1. Food, beverages, tobacco, feed; 2. Textile mill products, leather tanning, leather products, and fur skins; 3. Lumber, wood products, furniture, and fixtures; 4. Pulp, paper and paper products; 5. Printing and allied industries; 6. Chemical and allied products; 7. Plastic products and rubber products; 8. Ceramic, stone and clay products; 9. Iron and steel; 10. Non-ferrous metals and products; 11. Fabricated metal products; 12. General-purpose machinery; 13. Business oriented machinery; 14. Electrical machinery, equipment and supplies, electronic parts, devices and electronic circuits; Information and communication electronics equipment; 15. Transportation equipment; 16. Miscellaneous manufacturing industries
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Figure E.1: TFP and Agglomeration Note: Created by author. Area-year mean TFP, employment density, and share of university graduates, are respec   tively, averaged across years as TFPa = 1/Ta t TFPat , Densa = 1/Ta t Densat , and Univa = 1/Ta t Univat , where Ta is the number of years for municipality a observed in the sample.
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