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Abstract. We study the productivity effects of the world’s largest privatization program in China. Relying on a matching and difference-in-difference procedure, we find that privatizations robustly led to large productivity gains. Privatizations improved TFP by 13 to 15 percent, and this estimate is at the high-end of the estimates obtained from other transitional countries. Further evidence suggests that productivity gains came from improvement in management quality. The positive effect of privatization on TFP was more pronounced among firms in more competitive industries, suggesting complementarity between competition and privatizations. Privatizations worked less well for “commanding-heights” SOEs under the oversight of the central government. Our evidence suggests that the privatization program in China was a key factor behind China’s growth in the past decades.
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1. Introduction
After the Thatcher government popularized large-scale privatizations four decades ago, privatizations have been widely used throughout the world, especially by developing and transition countries with large shares of state-owned enterprises (SOEs). The literature on the effects of privatization is huge, as shown in several influential surveys across different generations of research (Megginson and Netter 2001; Djankov and Murrell 2002; Estrin et al. 2009; Megginson 2017). These surveys suggest modest and diverse gains in firm performance, while acknowledging the severe selectivity of privatization. 
	Most studies on privatization focus on CEE (Central and Eastern Europe) and CIS countries (i.e., Commonwealth of Independent States, countries formerly affiliated with the Soviet Union), with occasional exceptions on other large countries such as the United States, Mexico, and India (Megginson and Netter 2001; Djankov and Murrell 2002; Estrin et al. 2009). They show that the effects of privatization differ by the methods and the institutional context of privatizations (Djankov and Murrell 2002; Estrin et al. 2009): more positive effects or associations, for instance, have been consistently found in CEE than in CIS countries. Much less work is done on privatizations in China. Estrin et al. (2009) concludes, “There are as yet no TFP studies using data from China that employ robust methodologies and, perhaps because of this, the available papers find diverse results, with the effect of nonstate ownership being mostly positive but sometimes statistically insignificant and sometimes negative” (Estrin et al. 2009, p. 702).
[bookmark: _Hlk124256766][bookmark: _Hlk124256814]This deficiency has not been successfully addressed in the past decade, even though this period has witnessed strong interest in, and more studies on, privatizations in China. In a recent survey on privatization around the world, Megginson (2017) finds that in the new literature on privatizations, papers on China accounted for the largest share among all regions. However, most are on share issue privatizations, that is, partial privatization for publicly listed SOEs with the government retaining strong, and most likely, dominant control, and these account for a tiny share of privatizations in China. Under the slogan of “grabbing the big and letting go the small,” the overwhelming majority of privatized SOEs under the SOE restructuring program near the turn of this century were much smaller and non-listed, and they were afterwards truly private firms (Xu et al. 2005; Hsieh and Song 2015). Since the majority of privatizations in China were full privatizations whose effects are likely more pronounced than partial privatization (Li and Xu 2004; Megginson 2005), and share issue privatizations accounted for only around one percent of all privatizations in China, convincing assessment of the privatization effects in China remains rare, yet understanding the effects of China’s privatization is important in light of the diverse interpretation of the Chinese experience. Unbeknown to most, China’s privatization scheme at the turn of the century is the largest privatization program in history (Megginson, Nash and Van Randenborgh 1994). The total amount of worldwide revenues raised by privatization, as estimated by the end of the last century, is $860 billion (D'Souza and Megginson 1999), while the revenues raised from China’s privatization program alone is about US$700 billion (Gan, Guo and Xu 2017).[footnoteRef:2] Despite the gigantic privatization program, the Chinese government’s involvement in the economy has also been among the heaviest in the world (Shirley and Xu, forthcoming), and China’s experience has been a key reason behind the popularity of state capitalism. Based on China Statistical Yearbooks, as of 2018, SOEs still accounted for 27 percent of total industrial output, and 13 percent of total urban employment in China. Is China’s growth in the past decades partly attributable to privatizations and other marketization reforms, or to its state involvement, industrial policies and a large SOE sector?   [2:  The estimates of revenues from privatizations are imprecise, but the order of magnitudes should be clear.] 

[bookmark: _Hlk123417241]	Not surprisingly, both interpretations of China’s growth record have strong proponents. Some pundits emphasize strong government involvement as being fundamental to Chinese growth. Ramo (2004), for instance, coined the term Beijing Consensus, to characterize China’s unique approach to managing its economy. Others quickly embraced his interpretation and endorsed strong government involvement in the economy (Halper 2010). Some economists have also embraced the strong government interpretation, including industrial policies (Lin 2012; Rodrik 2006; Stiglitz 1994, 2008), or the sufficiency of competition without changes in state ownership (Lin, Cai, and Li 1998). In contrast, many other economists argue that China’s growth in the past decades reflects its adoption of common recommendations such as marketization and privatization (Zhu 2012; Brandt, Kambourov, and Storesletten 2016; Megginson 2017; Wu 2018; Zhang 2019; Shirley and Xu, forthcoming). Given the importance of sound policy recommendations based on the Chinese experience, understanding the real effects of privatization in China is thus critically important for offering policy advice on achieving growth in developing countries. 
Using a comprehensive data set that covers all Chinese industrial SOEs from 1998 to 2007, we study the impact of privatization on firm productivity. First, without dealing with time-varying selectivity, we use ordinary least squares and fixed-effects specifications. Second, although the central theme of the paper is not causality, we try to mitigate the concerns of selection by using a matching and difference-in-difference (matching-DID) procedure to compare privatized firms with otherwise similar firms based on observable characteristics. In particular, for each treatment firm that experienced privatization during the sample period, we find a control SOE with similar observables (being in the same four-digit industry in the same year, and in terms of the propensity score) that did not experience privatization, and compare their respective before-after difference in productivity. Here, since the control firm did not experience privatization, we assign its observation year in terms of the before and the after status to be the same as that of its corresponding treatment firm. We further control for the treatment-control pair fixed effects to filter out common shocks, as well as other city-level macro indicators and industry-year fixed effects. Results based on the matched procedure show that privatizations lead to increases in firms’ productivity by about 13 to 15 percent. We find that privatizations in China are associated with productivity improvements within the range of effects found in the literature on Eastern European and CIS countries, and the magnitudes are on the high end of that broad range. We also find that the main source of the large productivity gains from privatizations was improvement in management efforts and quality. The positive effect of privatization on TFP is much more pronounced among firms in more competitive industries—specifically, for SOEs in industries that are at the 25% percentile of industry-level competition (as measured by the Herfindahl index), the privatization effect on TFP was only less than 30 percent of that of SOEs in industries that are at the 75% of industry-level competition. Competition and privatization are thus complementary. We also find that privatizations did not improve productivity at all for SOEs under the oversight of the central government, which the government wanted to control for strategic purposes. 
Our paper adds to the literature on the effects of privatizations. Most previous studies find that privatizations are associated with better firm performance, while other studies show that government ownership is not necessarily less efficient than private ownership.[footnoteRef:3] We contribute by adding evidence from China. China has seen more privatizations than anywhere else in the world (Megginson 2017), yet we still lack credible evidence on the effects of privatization on productivity. Our research extends earlier work on how China’s privatizations have affected firm performance. Existing work has mostly focus on share issue privatization (SIP) of listed firms (Sun and Tong 2003; Jiang, Yue, and Zhao 2009; Deng, Gan, and He 2010), which only accounted for one percent of privatization. SIPs received the most research in China primarily due to the better availability of data (Megginson, 2017). Covering the more prevalent and typical types of privatizations like us, Bai, Lu and Tao (2009) use the early version of the ASIF dataset (covering1998-2005) to examine the privatization effects of non-listed firm. Using fixed effects model, they find that privatizations increase firm sales but do not increase profitability. Compared with Bai, Lu and Tao (2009), we use the ASIF set covering a longer period and employ matching procedures to mitigate selection bias. Also, we focus on examining the impacts of privatization on firm TFP, a thorough measure of productivity. We find that eliminating selection bias is vital for obtaining a plausible estimate of the privatization effects. Regressions based on the full sample imply that privatizations increase firm TFP by only 5%, while regressions on the matched sample show that privatizations increase firm TFP by 13-15%. We also offer evidence that privatization and competition are complementary in China, and that privatization does not improve productivity when non-economic incentives are strong (as in the case of “commanding-heights” SOEs). By offering plausible estimates of pronounced effects of privatization in China, we provide evidence that the privatization of SOEs was a key factor behind China’s economic takeoff.  [3:  On positive effects of privatizations, see Megginson, Nash and Van Randenborgh (1994), Boubakri and Cosset (1998), La Porta and López-de-Silanes (1999), D'Souza and Megginson (1999), Megginson and Netter (2001), Claessens and Djankov (2002), Gupta (2005), Djankov and Murrell (2002), Li and Xu (2004), and Estrin et al. (2009). On doubts on positive effects of privatization, see Caves and Christensen (1980), Kole and Mulherin (1997), and Anderson, Lee and Murrell (2000).] 


2. Institutional Background 
After China started marketization reforms in 1978, the traditionally peripheral parts of the economy such as the township-village enterprises and urban individual firms emerged and flourished (Chang and Wang, 1994), while SOEs, thanks to competition from TVEs as well as reforms such as delegation of control rights and stronger incentives, improved productivity in the 1980s (Li, 1997; Shirley and Xu, 2001). As competition continued to intensify from entry of private firms and foreign firms in the 1990s, the competitive positions of SOEs steadily deteriorated: the profits and taxes per unit of net capital stock and working capital in industrial SOEs kept on falling, dropping from 24 percent in 1978 to 7 percent in 1996 (Qian 2000), with more than one-third of SOEs having losses. Starting from the early-1990s, some local governments experimented with de facto privatizations (Garnaut, Song and Yao 2008). The rising losses of SOEs, the fiscal burdens, coupled with success of local privatization experiments, propelled the reform-oriented central government to sanction large-scale privatizations in the second half of the 1990s. In 1997, the central government announced its policy to restructure the state sector by allowing local governments to use various ways to restructure SOEs, including privatizations. By mid-2000s, the majority of SOEs had been privatized. 
Given the continental size of China that historically has always featured vast regional variations (Pomeranz, 2000), as well as the decentralized implementation of SOE restructuring and privatizations and distinct political incentives embedded in the Chinese Communist Party (CCP) promotion system, there were large variations in the method to privatize SOEs. Surprisingly, little has been written on the details of privatizations in China, and the little that have been written focus on share issue privatization, which only accounted for one percent of privatizations but received the most research in China due to the availability of data (Megginson, 2017).     
Overall, management and ownership changes after privatizations appeared to facilitate restructuring success. Most new owners of privatized firms were managers of the same SOEs ﻿before privatizations (Chen et al. 2020). Before the privatization program began, the CEOs that often became post-privatization owners had typically been selected to execute performance contracts. Such contracts often featured strong incentives such as performance bond that could be confiscated if performance targets were not fulfilled, and the CEOs were generally competent (Groves et al. 1994; Shirley and Xu 2001). This owner selection process thus facilitated SOE restructuring after privatizations. The ownership structure of privatized firms was concentrated, with the largest shareholder taking 60%, and the second and third largest shareholders adding up to 26% of shares (Gan, Guo and Xu 2017). In management buyouts (MBOs) and in ownership transfer to outsiders, the largest shareholders held 37% and 64% of total shares, respectively. When other methods were used, the largest shareholders held on average 91% of firm ownership. Non-dispersed ownership after privatizations has been found to be a key behind restructuring success (Djankov and Murrell 2002; Estrin et al. 2009). 

3. Data 
Our data set is the Annual Survey of Industrial Firms (ASIF) from 1998 to 2009, collected by China’s National Bureau of Statistics. It includes all SOEs and all non-state firms with sales above five million yuan in the industrial sectors, which include both manufacturing and mining; these firms account for about 90% of total industrial output value in China. In constructing our panel, we follow the best practices in fixing those identification inconsistencies that we knew.[footnoteRef:4]  [4:  A common issue that must be addressed when constructing a panel drawn on the ASIF data is that a small number of firms occasionally receive new identification codes due to restructuring, merger, or acquisition. See Appendix A for details on how we deal with this issue. ] 

We construct a dummy variable, Privatized, that equals one for a firm for the privatization year and the subsequent years, and 0 otherwise. Our SOE definition here is the same as in Hsieh and Song (2015): a firm is state-owned when the state-owned share exceeds 50 percent, or when the state is reported as the controlling shareholder. An SOE is classified as being privatized when the state share drops below 50 percent, or the state is no longer reported as being the controlling shareholder. Out of 80,524 SOEs in our sample, at least 14,916 had been privatized by the end of our sample period.[footnoteRef:5] Figure 1 plots the year-by-year number of firms being privatized in our sample period. The city-level data also contains macroeconomic variables including the city-level GDP and fiscal revenue and expenditures, all from various issues of China City Statistical Yearbook. GDP and fiscal indicators are adjusted to the 1990 constant price with the province-specific GDP deflators from the China Statistical Yearbook. Tables 1 and 2 provide the definitions of the variables and their summary statistics. The average TFP of the sample is around 1.83, with a standard deviation of 1.92. [5:  A large number of SOEs disappeared from the sample, likely due to being privatized—the ASIF data contains all SOEs and non-state-owned firms with sales exceeding five million yuan. Our results (on the determinants of privatization) are robust when including exiting SOEs as cases of privatization. The number of privatization cases here is thus an under-estimate. ] 


4. Effects of Privatization on Firm Productivity 
In this section we first present estimates on the association of privatizations and productivity based on conventional specifications, with and without firm fixed effects. We then rely on the matching procedure to estimate the effects of privatization. 
[bookmark: _Hlk124265485]The Conventional Estimators
We first estimate two conventional specifications from the literature: the ordinary least square (OLS), and the firm fixed effect (FE) model:
                   	 (1)
[bookmark: _Hlk174955414][bookmark: _Hlk174955508]Here  is the performance measures of firm i in city c and industry j in year t. Firm performance is measured by the total factor productivity (TFP). We primarily use two methods to compute TFP, i.e., the OLS production function (TFP_OLS) and the Olley-Pakes approach (TFP_OP). The latter approach is proposed by Olley and Pakes (1996) and is commonly employed to deal with various biases associated with estimating TFP with the traditional OLS method in the regression of value-added on capital and labor (the standard log-linear Cobb-Douglas production function). We also check the robustness with alternative productivity proxies[footnoteRef:6]. The dummy variable, , is defined as in the previous section. We control for , the city-level macro variables (i.e., GDP Per capita, GDP Growth, Gov’t Expenditure Growth, Gov’t Revenue Growth, and Fixed Investment Growth). To further control for potential differences in pre-existing trends, we also include lagged one- to three-period TFP in the regressions. We control for industry-year fixed effects,, which captures technological and regulatory shocks. In the OLS specification, we do not, but in the firm FE specification, we do, control for the firm-level FE, , which captures all firm-specific time-invariant factors. As illustrated in Table 3, based on the FE specification, which is preferred over the OLS specification due to the importance of controlling for firm-specific heterogeneity, privatizations in China have a robust and positive association with productivity. Privatizations are associated with a higher TFP by around 5 percent (i.e., 5.6% for TFP_OP or 4.9% for TFP_IN). [6:  See Table 8 for details.] 

The estimation based on the matched sample
The privatizations of SOEs may be strongly related to time-varying firm characteristics. Government’s decision to privatize an SOE and its performance may be jointly determined by omitted variables, for example, the government may pick a firm for privatization because of its larger potential for productivity improvement. Although it is extremely difficult to eliminate the endogeneity bias, in this section, we attempt to alleviate this problem by using the propensity score matching approach. It should be mentioned that propensity score matching cannot yield a causal identification, but it can mitigate the selection bias by adding some nonlinear terms of the control variables (such as industry, firm size, and the pre-trend) that would affect both the likelihood of privatizing an SOE and firm productivity. 
[bookmark: _Hlk124264291]In particular, we estimate the productivity effects based on a matched sample of treated and control firms. Appendix C describes the detailed matching procedures and here we provide a summary. We limit our treated sample to SOEs that were privatized between 1999 and 2007. We exclude firms that were privatized in 1998 since we do not have their pre-treatment TFP. We restrict the nontreated sample to SOEs that had never been privatized between 1998 and 2007. 
[bookmark: _Hlk124264728]To construct the PSM sample, we select controls from the nontreated sample by first matching potential controls with a treatment firm exactly on the 4-digit industry and the year: that is, for a non-treated firm to be a candidate control firm for a particular treated firm, it must be in the same four-digit industry and in the same year as the treated privatized firm. In order to control for a firm’s initial characteristics, we conduct the propensity score matching on several other variables, including the logarithm of the number of employees, the percentage of the state share, the leverage ratio, the return on sales, and lagged one- to three-period TFP. We impose the common support condition: A non-treated firm is included as a control for a particular treated firm if the ratio of the propensity score of the treated to that of the control firm is between 0.9 and 1.1.
Using the matched sample, we then combine matching with a difference-in-difference (DID) method, that is, we implement the DID procedure using the matched sample. As recommended by Heckman, Ichimura, and Todd (1997, 1998), the matching-DID approach compares the change in outcomes from the pre- to post-privatization periods, thereby eliminating unobserved, time-invariant firm-level differences.
 The dependent variable in our baseline specification, is defined as the change in average TFP from three years before to three years after privatization:   
,
with ;
.                   (2)
Note that the t subscript indexes the specific year of privatization for the treatment firm. For control firms, we obtain  in the same way. And t subscript indexes year of pseudo privatization, which is the year of privatization of the treated firm for which it is matched to. By constructing , we obtain a cross-sectional data of matched sample. We also conduct robustness checks by using the change in the average TFP from two years before the privatization to two years after the privatization.
We can then derive the difference in between each treated firm and the corresponding control firm, and directly obtain the statistics of this double-difference value. We can, of course, also use regressions to implement the matched DID method, that is, regressing  on the treatment dummy. If we don’t add control variables, the average of the direct double-difference value will be identical with the estimated coefficient from the regression. However, by estimating the matched DID regressions, we can add control variables, thereby further controlling for other time-varying factors that both affect productivity and the decision to privatize. 
Specifically, the DID regression uses the change in a firm’s TFP (D_TFP) as the dependent variable, that is, we estimate the following regression on the cross-sectional data of matched sample: 
                  (3)
Here j (from 1 to J) represents a treated firm; i indexes firms from 1 to I, representing all firms (i.e., both the treatment and the control firms). When a firm is a treatment firm (i.e., observation “ii”), i=j. When i≠j, the ij-th observation means that firm i is a control firm for firm j. In addition, t indexes the specific year of privatization.  is a dummy variable that equals 1 for treated firms (i.e., being privatized in the sample period) and 0 for control firms in year t. 𝛿 is the effect of privatization on TFP.
We are able to control for the treatment-pair fixed effects (i.e., ).  is the change in the firm’s TFP from the pre-treatment to the post-treatment period—for the control firm, the post-treatment years are placebo treatment years.   is a set of other control variables including city-level macro controls (i.e., GDP Per capita, GDP growth, government expenditure growth, government revenue growth, and fixed-asset growth), as well as the industry-year fixed effects to further account for industry-specific trend of productivity changes.  is a vector of year dummies, which can account for common trend of productivity for all firms in the sample.  is an idiosyncratic error. 
[bookmark: _Hlk173345199][bookmark: _Hlk124264976]Following the typical protocol of the propensity score matching method, we estimate the equation by adding the kernel weight for controls. Specifically, the final weight of each control is assigned as their kernel weight divided by the sum of the kernel weights for all controls for a particular treated firm, and the treated firm is given a weight of one. By adding this weight, controls that are more similar to the treated firms are more highly weighted.[footnoteRef:7] We also conduct the regressions without adding weights in Appendix Table C3, and our results remain unchanged.      [7:  The kernel weight is , where tr refers to the reated and ntr to the non-treated firms. We also conduct regressions without adding weights in the appendix, and our results remain unchanged.] 

[bookmark: _Hlk176512907]Before presenting the regression results based on the matched sample, Table 4 shows whether the covariates are balanced before and after using the matching sample. We present the calculations of percentage reduction in the normalized difference for each variable. Treated firms have statistically significant differences with non-treated firms prior to the propensity score matching, but the gap is statistically not distinguishable from zero after the matching. This suggests that the matching procedure almost completely eliminates the observable pre-treatment differences between the treated and the control firms. In Appendix Table C2, we report more details on the sample size and the means of the main variables for the initial sample and the matched sample in the baseline regression. We also report the normalized difference between the two samples. 
Table 5 reports the regression results based on the matched sample. Panel A does not control for the treatment-control pair fixed effects; Panel B does. The results in the two panels are similar. The results show that privatizations improve TFP_OP by around 14.7 percentage points, and TFP_OLS by a similar magnitude of 12.8 percentage points. 
[bookmark: _Hlk174956878][bookmark: _Hlk174956589]Following the literature of impact evaluation programs (Heckman and Hotz, 1989), we then estimate the specification with the pre-trend and dynamic effects of privatization—by allowing the treated firms to have distinct effects depend on the privatization-year clock, that is, 4+, 3, 2, 1 years before, the year of privatization, and 1, 2, and 3+ years after the privatization. That is, we define a base year as the year prior to the privatization (i.e., t-1) and compute productivity differences for each year from three years before and three years after the privatization:  We estimate separate regressions similar to equation (3), to obtain each pre-privatization or post-privatization coefficient, that is, we conduct separate regressions on each s of . The pre-privatization coefficients can help us detect whether there is differential pre-trend between the treatment and the control groups. The post-privatization coefficients permit us to estimate the dynamic impacts of privatization in various years. 
[bookmark: _Hlk174956526][bookmark: _Hlk176533330]Instead of reporting the regression table, we graph the results in Figure 2. Each dot represents the estimated pre-privatization or post-privatization coefficient, which is obtained from separate regressions on each s of . Prior to the privatization year, differences in TFP growth are tiny and not statistically distinguishable from zero, suggesting parallel trends between the treatment and the control firms. Immediately after the privatization, however, the treated firms have higher relative TFP growth than that of the control firms.  
[bookmark: _Hlk175087807][bookmark: _Hlk174956971][bookmark: _Hlk175087868]	We can compare our results with the previous studies on Eastern European and CIS countries. Brown, Earle, and Telegdy (2006) find that privatizations led to productivity effects of 15 percent in Romania, 8 percent in Hungary, and 2 percent in Ukraine, but -3 percent in Russia. Brown, Earle, and Telegdy (2016) also report that privatizations raised firm labor productivity by approximately 10% in Romania, Hungary and Lithuania, but had zero or even negative effects in Ukraine and Russia. Our estimates of the effects of privatizations on productivity in China is close to the high end of this range, that is, close to that in Romania, but much larger than those in Hungary, Ukraine and Russia. Such a wide range of estimates on productivity effects of privatizations across countries suggest that the underlying macroeconomic and institutional environment matters a great deal (Megginson, 2017). The privatization literature has emphasized repeatedly and convincingly that the effects of privatization depend critically on the underlying economic and institutional backgrounds. When China undertook the privatization program in the late 1990s, SOEs were on average losing money, and their performance was at the lowest level possible. Political opposition to privatization was low, and local governments could experiment with various ways to privatize SOEs. Moreover, the liberalization reforms in the 1980s set up a solid platform for privatized firms to prosper (Li, Li and Zhang 2000; Huang 2012). Stronger market reforms in dimensions other than privatization, such as price liberalization, international trade and foreign exchange system, competition policy, financial sector reform, also tend to raise privatization effectiveness. Both before and during the privatization reforms, China had been growing fast (i.e., around 9 percent a year), while most transition countries in Eastern Europe and CIS countries had been stagnant. For instance, the annual GDP growth rate Russia and Ukraine was -0.03% and -2.1% on average between 1992 and 2005, but Hungary and Romania achieved a higher GDP growth rate at 2.7% and 2.2%, respectively. Brown, Earle, and Telegdy (2016) also show that national GDP growth is likely to raise the effect of privatization. Li and Xu (2004) present country-sectoral level evidence that the privatization effects are larger where competition is fiercer. The large effects of the Chinese SOE privatization program thus have their favorable pre-conditions and are likely to hold only in countries with a large loss-making SOE sector and favorable pre-privatization conditions such as strong competition and solid economic growth.  
[bookmark: _Hlk124267524]Sources of productivity improvement after privatization 
[bookmark: _Hlk155293078][bookmark: _Hlk124267897][bookmark: _Hlk155293019]To have a better understanding of the sources of the pronounced productivity effects of privatizations, similar to Brown, Earl and Telegdy (2006), we proceed to examine how privatizations affect the logarithm of value added, the logarithm of the number of employees, the logarithm of the capital stock, and the logarithm of total employee wages. We also examine access to finance as proxied by leverage ratio, as well as innovation (i.e., the ratio of new product sales to total sales). In all the regressions, we rely on the PSM approach similar to those in Table 5. The results are contained in Table 6. 
[bookmark: _Hlk155293129]We find that privatizations led to firm expansion and employment restructuring, somewhat less use of external finance, and no changes in product innovations. After privatization, privatized firms, on average, increased their value added by 4.4%, while decreased their capital input by 5.2%, respectively. The decrease of capital after privatization is consistent with the reduced access to external finance, as measured by a decrease in the leverage ratio. We also find that privatization led to lower labor usage by 4.2%, suggesting that privatized firms reduced redundant employees after privatization. We do not find evidence that privatizations led to higher share of new products in the product portfolio (the estimated coefficient is even negative). These results suggest that the main sources of the large productivity gains from privatizations were not innovations, but improvement in management efforts and quality. Indeed, when politicians run SOEs, they have non-economic objectives such as maintaining excess employment to maintain political stability (Vickers and Yarrow, 1998). Moreover, since SOEs are not residual claimant, they naturally have less incentives to reduce costs and improve performance. Once privatized, the firm owner/manager is expected to benefit more from cost saving, and would accordingly work harder and/or improve management quality more. 
[bookmark: _Hlk123588720]Perhaps puzzling to some is how privatized firms could grow so fast without improvement in access to bank finance, as indicated by the negative effect of privatization on the leverage ratio as well as the capital stock. The literature on finance in post-reform China has offered some clues. First, privatized firms resemble both de nova private firms and SOEs in some ways. Using the same data, Harrison et al. (2019) show that privatized firms have more access to finance than pure private firms, but less than SOEs. Similarly, Cull et al. (2015) find that firms with political connections, which include privatized firms, have fewer financial constraints than private firms. Privatized SOEs thus have better access to bank finance relative to their competitors. Second, substituting mechanisms may have provided alternative sources of financing. The foremost might be internal source of finance. Guariglia, Liu and Song (2011) provide firm-level evidence that high productivity and abundant cash flow explain why Chinese private firms were able to grow at a very fast rate. Allen, Qian and Qian (2005) provide evidence that reputation-based networks helped private firms grow in China. Cull, Xu and Zhu (2009) show that there was a spillover from bank credit by SOEs to private firms via trade credit, and as predicted by the Coase theorem (Coase, 1960), the spillover of bank credit from SOEs were especially strong when they have lower profitability and less investment opportunities. Finally, our results in this paper are suggestive that non-input and non-finance factors are also a critical part of the growth of privatized firms, be it labor/management efforts and quality.
[bookmark: _Hlk155293396][bookmark: _Hlk124267534]Competition, central oversight, and the effects of privatization 
[bookmark: _Hlk155293184]We now examine how the effects of privatizations differ by market competition as well as non-economic objectives of privatized firms. We expect the effects of privatization to differ by the market power of the privatized firm. When an SOE has market power, after privatization it can increase profitability by restricting output or by sacrificing certain non-profit objectives (such as the provision of universal telephone services in the case of being a telecom operator). With substantial market power, privatization without a simultaneous introduction of competition will simply create private monopolies. Many economists therefore argue that privatization works best where there is competition limiting the market power of the incumbent(s) (Yarrow, 1986; Kay and Thompson, 1986; Vickers and Yarrow, 1998; Li and Xu, 2004). Competition is thus seen as a complement to privatization. 
[bookmark: _Hlk174957200]Similarly, the effects of privatization likely would be greater when privatized firms do not have stronger non-economic objectives. In this SOE restructuring program that features “grab the big and let go the small,” large SOEs, typically under central government oversight, often have strong control benefits to the government, and have non-economic objectives. They are the “commanding heights” industries that the (Socialist) government wants to retain strategic control, in the words of Vladimir Lenin (Yergin and Stanislaw, 1998; Bardhan, 2016; Huang et al., 2017). With other non-economic objectives in mind, the privatized firms may pursue efficiency half-heartedly—after all, pursuing non-economic objectives take economic resources and dampen economic incentives, hindering efficient resource allocation. We thus expect the privatization effects to be less positive for firms in “commanding heights” industries.
[bookmark: _Hlk124267936][bookmark: _Hlk124267982]We proxy competition by industrial Herfindahl-Hirschman Index (HHI). Similar to the practice in Table 5, we use the propensity-matched sample and incorporate the interaction of the privatization indicator Privatized with the industry-level HHI. The results are shown in Panel A of Table 7. We find that the effect of privatization is more pronounced among firms in industries with lower HHI, i.e., firms in more competitive industries. Specifically, for industries that are at the 75% percentile of HHI, privatization can boost firm TFP by 8.5%. In contrast, for industries that are at the 25% percentile of HHI, privatization can boost firm TFP by 14.9%. This result echoes the findings of Li and Xu (2004) that competition increased the gains from privatization for the telecommunications sector around the world. 
We proxy “commanding heights” SOEs by the dummy variable of Central Oversight, which is one when the pre-privatized SOE was under the oversight of central government. Huang et al. (2017) show that SOEs under the oversight of the central government tend to be “commanding heights” SOEs, and the government wanted to retain stronger control over them. In Panel B of Table 7, we allow the privatization effects to differ by Central Oversight. Consistent with our expectation, the effects of privatization tend to be less positive for formerly central-oversight SOEs. The interaction term of the privatization dummy and Central Oversight is significantly negative for both TFP measures. Indeed, the privatization effect for central-oversight SOE is significantly negative. 
Robustness checks 
[bookmark: _Hlk124268235]A concern is that our results could be sensitive to the way we measure productivity. We thus examine the robustness of our findings by employing three alternative measures of the firm’s productivity: the first measure (TFP_IN) uses the index number method to obtain TFP, which does not require estimating any parameters and directly use the estimates of the factor shares at the two-digit industry level from Saint-Paul and Bentolila (2003). The second measure (TFP_CS) also uses the index number method, but use cost shares from ASIF to capture the underlying technologies as in Hau, Huang and Wang (2019). See Appendix B for details of the constructions of these TFP measures.[footnoteRef:8] The third measure is the labor productivity (Labor Prod), calculated as ln (sales/employment). We use each of these proxies as the dependent variable, and report the simple OLS regression results with and without firm fixed effects, and the results with the propensity-matched sample, respectively. The results are illustrated in Table 8. Again, given the PSM results are most plausible, we again find that privatizations result in a gain in TFP of about 11-13 percentage points. The gain in labor productivity is about 7 percentage points. The evidence thus strongly corroborates our main findings. [8:  In constructing the index function TFP (TFP_IN), we rely on factor shares based on OECD countries (Bentolila and Saint-Paul 2003). We have also tried using the factor shares based on our own data and obtained qualitatively similar conclusions. Using factor shares based on our own data is likely inappropriate since the factor shares reflect choices associated with privatization itself and are thus contaminated. See Appendix A. ] 

[bookmark: _Hlk176515278]Furthermore, we conduct a series of robustness checks with varying matching strategies to strengthen the confidence on our findings. The results are reported in Table 9. First, we derive the matched control group based on a nearest neighbor matching approach, i.e., using the untreated observations with propensity score closest to the treated ones. The results are reported in Panel A of Table 9. Second, we use our baseline matching procedures but include additional control variables, i.e., the total sales to total assets (SalesA), the intangible assets to total assets (IntangA), the logarithm of total assets (Size), firm age (Age), the innovation captured by R&D Intensity (i.e., the ratio of R&D expenses to total sales), the ratio of new product sales to total sales (NewProd), the log value added (ln(VA)) and capital (Ln(K)). The results are reported in Panel B. Lastly, instead of using propensity score matching, we employ a “size and industry priority” criterion, i.e., for treated observation, we match it with an untreated one in the same industry with the closest firm size. The results are reported in Panel C. As shown in the table, all the results remain strong. 

5. Conclusion   
Our paper deals with two issues in the literature of privatizations: first, the lack of an overall assessment of the effects of privatization on productivity in China, the largest of its kind in the world, based on a widely-accepted and credible empirical framework, and second, the lack of understanding of how the effects of privatizing SOEs depend on industry competition and the importance of non-economic motives. Empirically, we rely on the matching-DID framework. We find that privatizations in China are robustly associated with productivity improvement within the range of effects found in the earlier literature on Eastern European and CIS countries, stably on the high end of the spectrum of those estimates at about 10 to 15 percent. There is suggestive evidence that the productivity effects of privatizations came from improvements in management effort and quality, and is more pronounced in more competitive industries. Privatizations did not improve productivity for “commanding-heights” SOEs that were under the central government’s oversight. Privatizations thus drastically transform the loss-making SOE sectors. 
[bookmark: _Hlk174959223]	Given the robustly impressive effects of privatization in China, its privatization program should be viewed as a critical ingredient behind China’s growth since the mid-1990s. Recently, in many countries and perhaps especially in China, state capitalism where the government is strongly involved in running corporations has become more popular (Megginson 2017; Shirley and Xu, forthcoming). Indeed, in the past decade, China has reversed many of its previous marketization reforms include privatizations: some privatized firms were re-nationalized (Huang et al., 2021); the share of lending by state-owned banks to SOEs jumped from 28% in 2011 to 83% in 2016 (Lardy, 2019, p. 40), private firms without political connections became increasingly pessimistic on property rights protection and were reluctant to invest (Miao et al., 2024). The re-emergence of the state’s policies in favor of SOEs and against private firms, not surprisingly, has led to a pattern of loss-making behavior of SOEs that is utterly intuitive: the state’s protection of SOEs led to their inefficiency, and indeed, during the privatization period, the share of loss-making SOEs drastically drop from around 30% in 1998 to around 10 percent in 2010, and after the state began their “the state advances and the private retreats” policies, that share rose steadily and monotonously to 30% (Economist, August 10, 2024, p. 49-50).[footnoteRef:9] In other words, the pattern of state protection leading to wide-spread loss-making of SOEs has occurred twice—in the mid-1990s and now. In light of SOEs’ non-trivial share of the Chinese economy now (Huang et al. 2017), their rising share of loss-making, and China’s drastic slowing down in growth, reevaluating the role of privatizations in China’s growth has thus become critical, and further privatizations should be a top policy priority for China’s policy makers.  [9:  For details please refer to “China’s manufacturers are going broke”, The Economist, August 10 (Issue 452 No. 9409), 2024, page 49-50.] 
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Figure 1. The Annual Number of Firms Being Privatized in the Sample Period
This figure plots the number of firms being privatized in each year of the sample period. SOE is defined following Hsieh and Song (2015), i.e., a firm is state-owned when the state-owned share exceeds 50 percent, or when the state is reported as the controlling shareholder. An SOE is classified as being privatized when the state share drops below 50 percent, or the state is no longer reported as being the controlling shareholder.
[bookmark: _Hlk176533414]
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Figure 2. OLS Estimates of the Privatization Effects, Year-by-Year
This figure shows the coefficients from the regressions where the dependent variable is TFP in the respective year minus TFP in year t-1. The key independent variable is the privatization indicator Privatized. Here we use two measures of TFP calculated using the Olley-Pakes methods (TFP_OP) and OLS methods (TFP_OLS). In each regression, we control for the city-level macro variables (i.e., GDP Per capita, GDP Growth, government expenditure growth, government revenue growth, and fixed asset growth), as well as industry-year and treatment-control pair fixed effects. We also plot the bounds of the 99 percent confidence interval.

Table 1. Variable Definitions 
This table provides a brief description of the variables.

	Variable
	Variable Description

	Privatized
	A dummy variable indicating the privatization of the firm: Privatized equals 1 if its state share falls below 50% or it exits from the database. 

	Labor prod
	The labor productivity of the firm calculated as ln (sales/employment).

	Leverage
	The leverage ratio of the firm, calculated as total debt/total asset.

	GDP Per capita
	GDP per capita (of thousand RMB in the 1990 constant price) of the city.

	GDP Growth
	The real growth rate of GDP (%) of the city.

	GovExp Growth
	The growth rate of the fiscal expenditure of the city.

	GovRev Growth
	The growth rate of the fiscal revenue of the city.

	Fixinv Growth
	The growth rate of the aggregate fixed-asset investment of the city.

	TFP_OP
	Total factor productivity (TFP) of the firm calculated using the Olley-Pakes method (see Appendix B for details).

	TFP_OLS
	TFP of the firm calculated using the OLS method (see Appendix B for details).

	TFP_IN
	TFP of the firm calculated using the index number method, with the cost share generated by Saint-Paul and Bentolila (2003) (see Appendix B for details).

	TFP_CS
	TFP of the firm calculated using the index function method, with the cost shares generated from the ASIF data (see Appendix B for details).

	HHI
	The industry level Herfindahl-Hirschman Index.

	Ln(VA)
	The logarithm of firm’s value added (VA).

	Ln(L)
	The logarithm of firm’s total labor.

	Ln(K)
	The logarithm of firm’s capital stock. 

	Ln(Wage)
	The logarithm of the average wage of the employees in the firm.

	R&D intensity
	The percentage of firm’s R&D expenses to total sales. The available data starts from 2001 and missing for the year 2004.

	NewProd
	The ratio of firm’s sales of new products to total sales. 



Table 2. Summary Statistics 
This table reports summary statistics of variables used in the regressions. Columns (1) to (6) report the number of firm-year observations (Obs.), average (Mean), median (Median), standard deviation (Std. Dev.), minimum (Min), and maximum (Max), respectively. Variable definitions are provided in Table 1.

	
	Obs.
	Mean
	Median
	Std. Dev.
	Min
	Max

	Privatized
	312,220
	0.170
	0.000
	0.375
	0.000
	1.000

	TFP_OP
	173,031
	1.832
	1.923
	1.485
	-10.033
	10.206

	TFP_OLS
	280,636
	-0.398
	-0.305
	1.465
	-6.072
	3.433

	TFP_IN
	206,898
	0.921
	0.974
	1.416
	-10.927
	9.774

	TFP_CS
	206,898
	1.514
	1.646
	1.564
	-9.850
	10.062

	HHI
	312,220
	0.002
	0.002
	0.004
	0.000
	0.024

	Ln(VA)
	297,640
	8.499
	8.513
	2.072
	0.000
	18.909

	Ln(L)
	312,220
	5.273
	5.231
	1.442
	0.000
	13.253

	Ln(K)
	296,264
	9.668
	9.709
	2.060
	-4.636
	18.629

	Ln(Wage)
	312,203
	7.359
	7.359
	1.808
	0.000
	12.425

	R&D intensity
	312,181
	0.001
	0.000
	0.007
	0.000
	0.061

	NewProd
	312,220
	0.038
	0.000
	0.148
	0.000
	1.000







Table 3. Effects of Privatization: OLS and FE Regression
This table reports the effects of privatization by regressing the performance measures (TFP) on the privatization indicator Privatized. Here we use two measures of TFP calculated using the Olley-Pakes methods (TFP_OP) and OLS methods (TFP_OLS). Note that in these panels, the post-privatization observations of privatized firms are included in the sample. Panels A and B report the regression results without and with firm fixed effects, respectively. In all regressions through Panel A to B, we control for the industry-year fixed effects, and the interaction of year dummies with initial TFP as well as the city-level macro variables. Standard errors clustered at the firm level are reported in parentheses. *, **, and *** represent statistical significance at the 10%, 5%, and 1% level.

	
	(1)
	(2)

	Panel A. OLS regressions
	TFP _OP
	TFP _OLS

	Privatized
	0.382***
	0.389***

	
	(0.012)
	(0.012)

	GDP Per capitat-1
	0.140***
	0.132***

	
	(0.005)
	(0.005)

	GDP Growtht-1
	0.189***
	0.116***

	
	(0.047)
	(0.043)

	GovRev Growtht-1
	0.269***
	0.167***

	
	(0.037)
	(0.033)

	GovExp Growtht-1
	0.049
	0.107***

	
	(0.038)
	(0.034)

	FixInv Growtht-1
	-0.002
	-0.001

	
	(0.006)
	(0.005)

	Year FE*Industry FE
	YES
	YES

	N
	173,019
	206,898

	R-square
	0.255
	0.184

	
	
	

	
	(1)
	(2)

	Panel B. The FE regressions
	TFP _OP
	TFP _OLS

	Privatized
	0.056***
	0.049***

	
	(0.010)
	(0.010)

	Controls
	YES
	YES

	Year FE*Industry FE
	YES
	YES

	Firm FE
	YES
	YES

	N
	162,474
	195,418

	R-square
	0.782
	0.773




Table 4. Normalized Differences Before and After Propensity Score Matching
This table reports the sample means of variables in treatment and non-treated groups and their normalized differences before and after the propensity score matching procedure. The standardized percentage bias (the % differences of the means in treated and non-treated sample as a percentage of the square root of the average of the sample variances in both groups) and the T-statistics is shown before and after matching. We also report the percentage of reduction in the last column. We report the pre- and post-matched sample of TFP_OP, and the results based on TFP_OLS are qualitatively similar. 

	
	Pre-match sample
	
	Post-match sample

	Variable                
	Treat
	Control
	% Bias
	T
	
	Treat
	Control
	% Bias
	T
	% Reduction

	TFPt-1
	2.276
	1.725
	43.6
	27.97
	
	2.276
	2.312
	-2.9
	-1.62
	93.3

	TFPt-2
	2.163
	1.644
	41.5
	26.88
	
	2.163
	2.205
	-3.4
	-1.85
	91.9

	TFPt-3
	2.079
	1.580
	40.0
	25.97
	
	2.079
	2.130
	-4.1
	-2.23
	89.7

	Ln(L)
	5.440
	5.501
	-4.5
	-2.81
	
	5.440
	5.415
	1.9
	0.99
	58.1

	ROS
	0.005
	-0.074
	23.0
	12.52
	
	0.005
	0.006
	-0.2
	-0.20
	99.2

	Leverage
	0.684
	0.721
	-10.9
	-6.89
	
	0.683
	0.672
	3.1
	1.66
	71.8

	GDP Per capita
	1.093
	0.902
	16.9
	13.75
	
	1.093
	1.118
	-2.2
	-1.06
	87.1

	GDP Growth
	0.105
	0.100
	7.8
	5.62
	
	0.105
	0.107
	-2.5
	-1.30
	67.6

	GovExp Growth
	0.196
	0.189
	6.4
	4.52
	
	0.196
	0.193
	2.4
	1.22
	61.6

	GovRev Growth
	0.169
	0.145
	17.4
	12.68
	
	0.169
	0.166
	1.7
	0.87
	90.0

	Fixinv Growth
	0.343
	0.310
	5.7
	3.50
	　
	0.340
	0.333
	1.3
	0.58
	77.0




[bookmark: _Hlk173345864][bookmark: _Hlk176515167]Table 5. Effects of Privatization: Propensity-Matched Sample
This table reports the effects of privatization based on a propensity-matched sample. The dependent variable D_TFP is the average performance measures (TFP) over t+1 through t+3 minus average TFP over t-3 through t-1. We regress D_TFP on the privatization indicator Privatized. Here we use two measures of TFP calculated using the Olley-Pakes methods (TFP_OP) and OLS methods (TFP_OLS). Columns (1) and (3) in Panel A are univariate regressions. Control variables are the same as those in Table 3. In Panel A, we control for the city-level macro variables (i.e., GDP Per capita, GDP Growth, government expenditure growth, government revenue growth, and fixed asset growth) as well as industry-year fixed effects. In Panel B, we further control for the treatment-control pair fixed effects. The regressions are kernel weighted. Standard errors clustered at the firm level are reported in parentheses. *, **, and *** represent statistical significance at the 10%, 5%, and 1% level.

	Panel A. Regressions without treat-control pair FE
	(1)
	(2)
	(3)
	(4)

	
	D_TFP_OP
	D_TFP_OP
	D_TFP_OLS
	D_TFP_OLS

	Privatized
	0.149***
	0.146***
	0.152***
	0.127***

	
	(0.013)
	(0.020)
	(0.013)
	(0.020)

	Controls
	NO
	YES
	NO
	YES

	Year FE*Industry FE
	NO
	YES
	NO
	YES

	N
	26,278
	26,271
	26,603
	26,593

	R-square
	0.004
	0.044
	0.004
	0.038

	
	
	
	
	

	Panel B. Regressions with treat-control pair FE
	
	
	
	

	Privatized
	
	0.147***
	
	0.128***

	
	
	(0.014)
	
	(0.014)

	Controls
	
	YES
	
	YES

	Year FE*Industry FE
	
	YES
	
	YES

	Treatment-Control Pair FE
	
	YES
	
	YES

	N
	
	26,269
	
	26,584

	R-square
	
	0.366
	
	0.369




Table 6. Sources of TFP Improvement: PSM Matched Sample
This table re-estimate the economic effects of privatization in Table 5 using the components in TFP (see Appendix B for details), wage of employees, leverage, R&D expenditure and new products, based on a propensity-matched sample. Specifications are the same as those in Table 5. Similar to the D_TFP in Table 5, in columns (1) through (6), we use the average [t+1, t+3] minus [t-3, t-1] changes in the logarithm of firms’ value added (D_Ln(VA)), labor (D_Ln(L)), capital (D_Ln(K)), leverage ratio (D_Leverage), and percentage of new products (D_NewProd, the ratio of new product sales to total sales) as dependent variables, respectively. In all panels, we control for the city-level macro variables (i.e., GDP Per capita, GDP Growth, government expenditure growth, government revenue growth, and fixed asset growth), industry-year fixed effects, and the treatment-control pair fixed effects. The regressions are kernel weighted. Standard errors clustered at the firm level are reported in parentheses. *, **, and *** represent statistical significance at the 10%, 5%, and 1% level, respectively.



	Dependent variable:
	(1)
	(2)
	(3)
	(4)
	(5)

	
	D_Ln(VA)
	D_Ln(L)
	D_Ln(K)
	D_Leverage
	D_NewProd

	Privatized
	0.044***
	-0.042***
	-0.052***
	-0.031***
	-0.007***

	
	(0.016)
	(0.009)
	(0.013)
	(0.004)
	(0.002)

	Controls
	YES
	YES
	YES
	YES
	YES

	Year FE*Industry FE
	YES
	YES
	YES
	YES
	YES

	Treatment-Control Pair FE
	YES
	YES
	YES
	YES
	YES

	N
	26,269
	26,269
	26,135
	26,269
	26,269

	R-square
	0.386
	0.381
	0.377
	0.385
	0.384




Table 7. Effects of Privatization: The Heterogeneity Effects
[bookmark: _Hlk120105270]This table reports the heterogeneity effects of privatization on TFP based on a propensity-matched sample. The dependent variable D_TFP is the average performance measures (TFP) over t+1 through t+3 minus average TFP over t-3 through t-1. We regress D_TFP on the interaction of privatization indicator Privatized with the industry-level HHI (HHI). In columns (1) and (2), we report the results with D_TFP_OP and D_TFP_OLS as dependent variables, respectively. We control for the city-level macro variables (i.e., GDP Per capita, GDP Growth, government expenditure growth, government revenue growth, and fixed asset growth), industry-year fixed effects, and the treatment-control pair fixed effects. The regressions are kernel weighted. Standard errors clustered at the firm level are reported in parentheses. *, **, and *** represent statistical significance at the 10%, 5%, and 1% level.
Panel A. Competition and Privatization Effects
	Dependent variable:
	(1)
	(2)

	
	D_TFP _OP
	D_TFP _OLS

	Privatized *HHI
	-14.152**
	-15.369***

	
	(-2.329)
	(-3.103)

	Privatized
	0.166***
	0.157***

	
	(6.977)
	(6.813)

	Controls
	Yes
	Yes

	Year FE*Industry FE
	Yes
	Yes

	Treatment-Control Pair FE
	Yes
	Yes

	N
	26,269
	26,584

	R-square
	0.241
	0.234



Panel B. Privatization Effects under Central Oversight
	Dependent variable:
	(1)
	(2)

	
	D_TFP _OP
	D_TFP _OLS

	Privatized * Central SOE
	-0.291***
	-0.196***

	
	(-5.600)
	(-3.599)

	Central SOE
	0.033
	-0.019

	
	(0.845)
	(-0.470)

	Privatized
	0.155***
	0.125***

	
	(8.977)
	(7.346)

	Controls
	Yes
	Yes

	Year FE*Industry FE
	Yes
	Yes

	Treatment-Control Pair FE
	Yes
	Yes

	N
	26,269
	26,584

	R-square
	0.243
	0.234




[bookmark: _Hlk176515991]Table 8. Robustness Checks: Alternative Productivity Measure
[bookmark: _Hlk120106955][bookmark: _Hlk120107421]This table re-estimate the economic effects of privatization based on two alternative proxies for firm’s productivity, i.e., the index function TFP using cost shares from ASIF data (TFP_CS) and TFP with index number methods (TFP_IN) (see Appendix B for details), and the labor productivity (Labor Prod). In each of the panels, columns (1) and (2) reports the simple regression results with and without firm fixed effects, respectively. In column (3), we use the propensity-matched sample, with the average [t+1, t+3] minus [t-3, t-1] changes in in TFP (D_TFP_CS, D_TFP_IN) and labor productivity (D_Labor Prod) as the dependent variables, respectively. All specifications are the same as those in Table 3 and Table 5. We control for city-level macro variables (i.e., GDP Per capita, GDP Growth, government expenditure growth, government revenue growth, and fixed asset growth). The control variables are the same as those in Table 3 and Table 5. We control for firm-level fixed effects (except for column (1)), and the industry-year fixed effects. In column (3) we further control for the treatment-control pair fixed effects. The regressions are kernel weighted. Standard errors clustered at the firm level are reported in parentheses. *, **, and *** represent statistical significance at the 10%, 5%, and 1% level, respectively.
	Panel A. 
Dependent var
	Regressions without firm FE
	Regressions with Firm FE
	
	PSM sample

	
	(1) 
TFP_CS
	(2) 
TFP_CS
	
	(3)
D_TFP_CS

	Privatized
	0.507***
	0.066
	
	0.110***

	
	(0.055)
	(0.040)
	
	(0.019)

	Controls
	YES
	YES
	
	YES

	Year FE*Industry FE
	YES
	YES
	
	YES

	Firm FE
	NO
	YES
	
	NO

	Treatment-Control Pair FE
	NO
	NO
	
	YES

	N
	280,635
	265,563
	
	26,112

	R-square
	0.001
	0.974
	
	0.375

	
	
	
	
	

	Panel B. 
Dependent var
	(1) 
TFP_IN
	(2) 
TFP_IN
	
	(3)
D_TFP_IN

	Privatized
	0.374***
	0.050***
	
	0.130***

	
	(0.012)
	(0.010)
	
	(0.013)

	Controls
	YES
	YES
	
	YES

	Year FE*Industry FE
	YES
	YES
	
	YES

	Firm FE
	NO
	YES
	
	NO

	Treatment-Control Pair FE
	NO
	NO
	
	YES

	N
	206,898
	195,418
	
	26,576

	R-square
	0.382
	0.820
	
	0.372

	
	
	
	
	

	Panel C. 
Dependent var
	(1) 
Labor Prod
	(2) 
Labor Prod
	
	(3)
D_Labor Prod

	Privatized
	0.434***
	0.093***
	
	0.067***

	
	(0.010)
	(0.007)
	
	(0.012)

	Controls
	YES
	YES
	
	YES

	Year FE*Industry FE
	YES
	YES
	
	YES

	Firm FE
	NO
	YES
	
	NO

	Treatment-Control Pair FE
	NO
	NO
	
	YES

	N
	312,220
	296,582
	
	26,269

	R-square
	0.293
	0.841
	
	0.390




[bookmark: _Hlk176515340]Table 9. Robustness Checks: Alternative Propensity-Matching Approaches
This table reports the robustness checks of the privatization effects based on varying matching strategies. In Panel A, the matched control group is selected based on a nearest neighbor matching approach, i.e., the untreated observations with propensity score closest to the treated ones. Panel B uses the PSM strategy similar to our baseline table, but includes a bunch of additional control variables, i.e., the total sales to total assets (SalesA), the intangible assets to total assets (IntangA), the logarithm of total assets (Size), firm age (Age), the innovation captured by R&D Intensity (i.e., the ratio of R&D expenses to total sales), the ratio of new product sales to total sales (NewProd), the log value added (ln(VA)) and capital (Ln(K)). Panel C employs a “size and industry priority” criterion, i.e., for treated observation, we match it with an untreated one in the same industry with closest firm size. In all regressions, the dependent variable D_TFP is the average performance measures (TFP) over t+1 through t+3 minus average TFP over t-3 through t-1. We regress D_TFP on the privatization indicator Privatized. Here we use two measures of TFP calculated using the Olley-Pakes methods (TFP_OP) and OLS methods (TFP_OLS). Control variables are the same as those in Table 3. We control for the city-level macro variables (i.e., GDP Per capita, GDP Growth, government expenditure growth, government revenue growth, and fixed asset growth), industry-year fixed effects, and the treatment-control pair fixed effects. The regressions are kernel weighted in Panel A and B. Standard errors clustered at the firm level are reported in parentheses. *, **, and *** represent statistical significance at the 10%, 5%, and 1% level.

	
	(1)
	(2)

	Panel A. Nearest neighbor matching
	D_TFP_OP
	D_TFP_OLS

	Privatized
	0.154***
	0.133***

	
	(0.015)
	(0.015)

	Controls
	YES
	YES

	Year FE*Industry FE
	YES
	YES

	Treatment-Control Pair FE
	YES
	YES

	N
	16,854
	17,187

	R-square
	0.393
	0.410

	
	
	

	Panel B. PSM with additional control variables
	
	

	Privatized
	0.144***
	0.127***

	
	(0.014)
	(0.014)

	Controls
	YES
	YES

	Year FE*Industry FE
	YES
	YES

	Treatment-Control Pair FE
	YES
	YES

	N
	23,844
	24,384

	R-square
	0.365
	0.365

	
	
	

	Panel C. Matching based on nearest size and industry
	
	

	Privatized
	0.184***
	0.082***

	
	(0.015)
	(0.015)

	Controls
	YES
	YES

	Year FE*Industry FE
	YES
	YES

	Treatment-Control Pair FE
	YES
	YES

	N
	16,002
	17,034

	R-square
	0.505
	0.502




Appendix A. Construction of the Panel from the ASIF Data

Construction of the panel from the ASIF data. In the dataset, every firm is given a unique firm code. A small number of firms may have changed their firm codes within the sample period but remained in the sample. To address this issue, we follow Brandt et al. (2012) to obtain unique firm codes based on the firm’s name, zip code, telephone number, and founding year. We clean the data as follows. First, if the year t observation of a firm cannot be matched to any firm’s observation in year t+1 based on the firm code, we try to find a firm with the same name in year t+1, and match them by giving the year t+1 observation the same firm code as the year t observation. Second, for those firms that cannot be matched by the code or name, we rely on the combinations of the zip code, telephone number and the founding year to match them. We delete firms with missing key information, i.e. assets, fixed assets, sales and employment. Table A1 presents the frequency with which we can link the observations in different years for both SOEs and non-SOEs. 

Table A1. Evolution of the Raw Panel over Time

	Year
	Total firms
	Entrants
	Incumbent, linked using
	Exiting (in the next year)

	
	
	
	NBS ID
	Other information
	

	1998
	164,452
	
	
	
	28,709

	1999
	161,439
	25,696
	130,863
	4,880
	27,672

	2000
	162,350
	28,583
	130,538
	3,229
	36,395

	2001
	170,780
	44,825
	117,526
	8,429
	24,356

	2002
	181,149
	34,725
	142,950
	3,474
	28,378

	2003
	196,204
	43,433
	146,605
	6,166
	51,295

	2004
	274,750
	129,841
	137,681
	7,228
	45,085

	2005
	271,819
	42,154
	226,675
	2,990
	25,819

	2006
	301,943
	55,943
	243,728
	2,272
	28,485

	2007
	336,742
	63,284
	271,629
	1,829
	



Note: Entrants are those that first appear in the sample in the specific year. Exiting means dropping out of the sample in the next year. The ASIF dataset includes all SOEs, and all non-state firms with sales exceeding five million Yuan. Thus, a firm's entry year may differ from its establishment year. Similarly, a firm’s exiting year may differ from its death year. 







Appendix B. Estimating TFP 
Here we describe how we estimate the firm-level TFP in four ways. 
[bookmark: _Hlk173092353]We use a standard log-linear Cobb-Douglas production function to estimate the firm-level TFP. Specifically, the TFP of firm i in year t is the estimated residual from the regression:
 	                	(A1)
[bookmark: _Hlk173092780]where  is the logarithm of value-added, and  and  are the logarithms of capital and labor, respectively. To allow for different factor intensities across industries, we estimate equation (A1) separately for each two-digit industry. TFP can be interpreted as the relative productivity of a firm within its industry. 
Real value added is obtained by subtracting the real input from the real output. We use the two-digit ex-factory price index from China Urban Living and Price Statistics to deflate the output. The input deflator is calculated based on the available output deflators at the two-digit industry level and information from the National Input-Output (IO) tables in 1997, 2002, and 2007. From the IO tables, we know how much inputs are needed to produce a unit of output. Then the average input price index is the weighted average of the price indices of those inputs. Thus, to obtain the input deflator for each industry, we calculate a weighted average of the input deflators, using as weights the coefficients in the IO table.[footnoteRef:10]  [10:  The 1997 IO table is used to construct the input deflators of 1998-2000, the 2002 IO table is used to construct the input deflators of 2001-2005, and the 2007 IO table is used to construct the input deflators in 2006-2007.] 

In the ASIF dataset, firms report the total annual employment, but they do not report the real capital stock. Instead, the firms report the value of their fixed capital stock at the original purchase prices. As these book values are the sum of the nominal values for different years, they are not equal to the real capital stock and are not comparable across time and across firms. Since we do not have all past investments of a firm to construct the real capital stock, we follow Brandt, Van Biesebroeck and Zhang (2012) and make several assumptions to convert the value of their capital stock at the original purchase prices into the real values using the following procedures. 
First, we estimate the nominal value of the capital stock for each year between a firm’s birth year and the first year in which the firm appears in our data set. We assume that it is 1998, the first year of our panel. We assume that the growth rate of the nominal capital stock of each firm equals to the growth rate of the nominal capital stock in the corresponding two-digit industry as  reported in the China Statistical Yearbooks.[footnoteRef:11] We then calculate the nominal capital stock in 1998 as follows:   [11:  Since China Statistical Yearbooks report the growth rate of nominal capital stock in the two-digit industry from 1986, we assume that firms established before 1986 are established in 1986. ] 

 	             		(A2)
Where  is the nominal captial stock in 1998 reported in the ASIF data, s indicates the firm’s first year of operation,  is the nominal captial stock of the firm in its birth year, and  is the growth rate of the nominal capital stock in the two-digit industry in year t, as reported by the China Statistical Yearbooks. From equation (A2), we calculate the nominal stock in each year between the firm’s birth year and 1998. 
Second, the annual nominal investment  is the change in the nominal capital stock between two consecutive years, that is,
                           (A3)
Third, we derive the real capital stock for each year between the firm’s birth year and 1998. We deflate the annual nominal investment in each year  into the real value  using the investment deflator, which is in China Statistical Yearbooks from 1990. For years 1986-1989, we use the investment deflator constructed by Perkins and Rawski (2008).
Fourth, we obtain the real capital stock in 1998with the perpetual inventory method. Specifically, 
                         (A4)
Where  is the real capital stock in year t, and  is the depreciation rate as estimated by:
              (A5)
Finally, we obtain the annual real investment and the real capital stock after 1998. For years after 1998, we use the observed change in the firm's nominal capital stock at the original purchase prices as our estimate of the nominal annual investment, that is, the nominal annual investment is still obtained from . The real fixed investment  is obtained by deflating  with the investment deflator in China Statistical Yearbooks. The real capital stock is constructed using the perpetual inventory method, that is,
                     (A6)
 is annual depreciation that is reported in ASIF, again deflated by the investment deflators in China Statistical Yearbooks. 
[bookmark: _Hlk173092633][bookmark: _Hlk173092686]We estimate equation (A1) by ordinary least squares (OLS). We call this TFP-OLS. While this approach is commonly used in the literature, the existing research has argued that the OLS estimates suffer from two endogeneity issues: simultaneity of input choices and selection biases. These two issues will generate biased estimates of  and , and therefore biased estimates of the TFP. A variety of techniques have been suggested to address these issues. We use the widely-used method proposed by Olley and Pakes (1996). We call this TFP-OP. 
[bookmark: _Hlk173093114][bookmark: _Hlk173093143]As another key measure of TFP, we use a straightforward index number approach, which does not require estimating any parameters. To implement, the industry-specific wage share in the output is used to measure . One minus this share is used to measure . Here the assumption is that a cost-minimizing firm will make sure that the relative factor price ratio equals the local elasticity of substitution between the inputs of the production technology. To avoid potential bias from the cost shares using our own data—the cost shares in our data might reflect the ownership restructuring directly—we rely on the estimates of the factor shares at the two-digit industry level from Saint-Paul and Bentolila (2003), as in Bloom, Sadun and Van Reenen (2012). We call this TFP-IN.  
Overall, these above-mentioned three approaches yield quite similar results. The correlations of these productivity measures are fairly high (see Table B1 in this Appendix): that between TFP-OLS and TFP-IN is 0.955; that between TFP-IN and TFP-OP is 0.937. Thus, it is not surprising that our results do not hinge on how we measure productivity.
Our index function approach relies on factor shares from Saint-Paul and Bentolila (2003). This has the virtue of not relying on the cost shares estimated from our own data. After all, the cost shares from the dataset itself might reflect the allocation effects of ownership restructuring itself, and thus bias the TFP measurements based on the cost shares from the data. However, it is also possible that the cost share based on our own data might better capture the underlying technologies and using them might result in more accurate measurements of TFP. We thus also experimented with the measure of firm-level TFP based on the cost shares from the data, as in Hau, Huang and Wang (2019). We call this TFP-CS, the fourth measure of TFP, which appears to be less closely related to other measures of TFP.
Table B1. The Correlation Matrix of Different TFP Measures
	
	TFP_OP
	TFP_OLS
	TFP_IN
	TFP_CS

	TFP_OP
	1
	
	
	

	TFP_OLS
	0.935
	1
	
	

	TFP_IN
	0.937
	0.955
	1
	

	TFP_CS
	0.432
	0.485
	0.435
	1
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Appendix C. The matching procedures

This appendix provides details on the propensity score matching procedures. First, we estimate the following probit equation of the determinants of privatization using the full sample of SOEs:
P(Privatizedijt=1) =P(Xijt-1 δ + ρj + γt + εijt >0)                (C1)
Here, P means probability. Privatizedfkt is a dummy variable that equals one when firm i in industry j at year t is privatized. The vector X includes three years of lagged TFP, one year of other lagged firm characteristics including the logarithm of the number of employees, the percentage of the state share, the leverage ratio, the return on sales. We also control for and the industry and the year dummies. By conditioning on three-year histories of lagged TFP, we can create a control group with very similar productivity pre-trend to the treated firms (Heckman, Ichimura, and Todd, 1997, 1998). Table C1 reports the parameter estimates from the probit model of privatization determinants. We show that the privatization decisions are largely dependent on firm-level and macro factors. After estimating equation (C1), we obtain the predicted probability of being privatized for each firm, which is also called the propensity score. 
Second, we select controls from the nontreated sample by first matching potential controls exactly on 4-digit industry: for a firm to be a candidate control firm for a particular treated firm, it must be in the same 4-digit industry as the treated privatized firm, i.e., for each treated firm, we match it with an untreated one in the same industry with closest propensity score. We also impose the matching-pair condition: A non-treated firm is included as a control for a particular treated firm if the ratio of the propensity score of the treated to that of the control firm is between 0.9 and 1.1. Treated firms with no controls meeting this criterion are further dropped. Then, for each treated firm, we will have at least one control firms. And a nontreated firm may appear in the matched sample many times, since it may have more than one treated firms to which they are matched. After this procedure, we keep all the observations for treated firms and control firms throughout the original sample, and thus obtain final matched sample for DID regression. 
In Appendix Table C2, we compare the characteristics of firms between the original sample and the final matched sample. We find SOEs in the final matched sample are on average larger, with higher TFP and ROS than those in the original sample. We also report the normalized differences between two samples, calculated as the difference between the mean of the two, divided by the square roots of the sum of the variances for the two samples. None of the normalized difference has reached 0.25, which is the threshold recommend by Imbens and Wooldridge (2009) for assessing differences across sample.
Table 4 in the paper further reports sample differences between treated and nontreated firms before and after propensity score matching. Table 4 shows whether the covariates are balanced before and after using the matching sample. We present the calculations of percentage reduction in the normalized difference for each variable. Treated firms have statistically significant differences with non-treated firms prior to propensity score matching, but the gap is not distinguishable from zero after propensity score matching. This suggests that the matching procedures almost completely eliminate the observable pre-treatment differences between the treated and the control firms.

Table C1. The Parameter Estimates from the Probit Model of Privatization Determinants
[bookmark: _Hlk173687977]This table presents the parameter estimates from the probit model of the privatization indicator on firm’s initial characteristics (the logarithm of the number of employees, the percentage of the state share, the leverage ratio, and the return on sales), the macro-economic conditions, and lagged one- to three-period TFP based on the pre-matched initial sample. Standard errors are reported in parentheses. *, **, and *** represent statistical significance at the 10%, 5%, and 1% level.
	Dependent variable: Privatized
	(1)
	(2)

	Leverage t-1
	-0.041**
	-0.026

	
	(0.018)
	(0.017)

	Ln(L) t-1
	-0.015***
	-0.011***

	
	(0.004)
	(0.004)

	ROS t-1
	0.170***
	0.203***

	
	(0.027)
	(0.028)

	GDP Per capitat-1
	0.036***
	0.043***

	
	(0.006)
	(0.005)

	GDP Growtht-1
	-0.503***
	-0.416***

	
	(0.146)
	(0.141)

	GovRev Growtht-1
	0.730***
	0.691***

	
	(0.064)
	(0.060)

	GovExp Growtht-1
	-0.062
	-0.017

	
	(0.074)
	(0.070)

	FixInv Growtht-1
	0.017
	0.017*

	
	(0.010)
	(0.010)

	TFP_OP t-1
	0.113***
	

	
	(0.010)
	

	TFP_OP t-2
	0.047***
	

	
	(0.013)
	

	TFP_OP t-3
	0.084***
	

	
	(0.011)
	

	TFP_OLS t-1
	
	0.104***

	
	
	(0.009)

	TFP_ OLS t-2
	
	0.048***

	
	
	(0.012)

	TFP_ OLS t-3
	
	0.073***

	
	
	(0.011)

	Constant
	-1.998***
	-1.454***

	
	(0.134)
	(0.133)

	Industry
	YES
	YES

	Year
	YES
	YES

	N
	89,661
	114,983

	Pseudo_R2
	0.072
	0.101




Table C2. Sample Comparisons Between Initial Sample and Matched Sample
This table reports the descriptive analysis of sample size and the mean of main variables for the original sample and the matched sample in the baseline regression. We also report the normalized difference between two samples, calculated as the difference between the mean of the two, divided by the square roots of the sum of the variances for the two samples. 

	　
	Initial Sample 
	Baseline Regression Sample
	Normalized Difference

	Total number
	173,031
	26,278
	　

	Mean TFP
	1.832
	2.308
	0.205

	Mean Leverage
	0.703
	0.687
	-0.031

	Mean Ln(L)
	5.273
	5.321
	0.025

	Mean ROS
	-0.126
	0.009
	0.205

	Mean GDP Per capita
	0.924
	1.037
	0.075

	Mean GDP Growth
	0.104
	0.102
	-0.023

	Mean GovExp Growth
	0.187
	0.192
	0.037

	Mean GovRev Growth
	0.157
	0.162
	0.025

	Mean Fixinv Growth
	0.261
	0.335
	0.083




[bookmark: _Hlk173345159]Table C3. Effects of Privatization: Regressions with Equal Weights
This table re-estimate the effects of privatization in Table 5 based on a propensity-matched sample following Brown and Earle (2017), but without adding weights to control variables in regressions. The dependent variable D_TFP is the average performance measures (TFP) over t+1 through t+3 minus average TFP over t-3 through t-1. We regress D_TFP on the privatization indicator Privatized. Here we use two measures of TFP calculated using the Olley-Pakes methods (TFP_OP) and OLS methods (TFP_OLS). Control variables are the same as those in Table 3. In Panel A, we control for the city-level macro variables (i.e., GDP Per capita, GDP Growth, government expenditure growth, government revenue growth, and fixed asset growth), as well as industry-year fixed effects. In Panel B, we further control for the treatment-control pair fixed effects. Standard errors clustered at the firm level are reported in parentheses. *, **, and *** represent statistical significance at the 10%, 5%, and 1% level.

	
	(1)
	(2)

	Panel A. Regressions without treat-control pair FE
	D_TFP_OP
	D_TFP_OLS

	Privatized
	0.139***
	0.132***

	
	(0.022)
	(0.021)

	Controls
	YES
	YES

	
	YES
	YES

	Year FE*Industry FE
	YES
	YES

	N
	26,271
	26,593

	R-square
	0.045
	0.046

	
	
	

	Panel B. Regressions with treat-control pair FE
	
	

	Privatized
	0.141***
	0.126***

	
	(0.014)
	(0.014)

	Controls
	YES
	YES

	Year FE*Industry FE
	YES
	YES

	Treatment-Control Pair FE
	YES
	YES

	N
	26,269
	26,584

	R-square
	0.225
	0.229




coef	5.6704759999999993E-2	4.2959280000000002E-2	2.989E-2	0	3.439408E-2	4.9717359999999995E-2	6.4274280000000003E-2	8.8219599999999995E-2	5.6704759999999993E-2	4.2959280000000002E-2	2.989E-2	0	3.439408E-2	4.9717359999999995E-2	6.4274280000000003E-2	8.8219599999999995E-2	t=-4	t=-3	t=-2	t=-1	t=0	t=1	t=2	t=3	-7.6940000000000003E-3	-1.1852E-2	-2.4299999999999999E-2	0	8.0498E-2	6.9397E-2	8.4524000000000002E-2	0.14199000000000001	Years since privatization


Changes in TFP_OP



coef	5.7963079999999993E-2	4.2339919999999996E-2	3.0170280000000001E-2	0	3.356108E-2	4.6989039999999996E-2	6.2420120000000003E-2	9.0875400000000009E-2	5.7963079999999993E-2	4.2339919999999996E-2	3.0170280000000001E-2	0	3.356108E-2	4.6989039999999996E-2	6.2420120000000003E-2	9.0875400000000009E-2	t=-4	t=-3	t=-2	t=-1	t=0	t=1	t=2	t=3	7.3700000000000002E-4	-2.1420000000000002E-2	-2.6047000000000001E-2	0	7.3150000000000007E-2	5.6765000000000003E-2	6.1344999999999997E-2	2.4967E-2	Years since privatization


Changes in TFP_OLS



Number of firms privatized	
1999	2000	2001	2002	2003	2004	2005	2006	2007	2148	2040	1890	1624	2037	2286	1175	1082	679	Year


Number of firms privatized



