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 A B S T R A C T

We document that China’s 2018 domestic regulations, which suppressed the future growth 
potential of its game app market, unintentionally triggered an immediate and significant export 
expansion in this sector. This expansion was largely accounted for by apps already established in 
foreign markets, and was significantly stronger among high-quality firms. To rationalize these 
patterns, we develop and calibrate a dynamic model featuring customer accumulation under 
capacity constraints. In response to the regulatory shocks, firms proactively reallocate resources 
toward foreign markets, with higher-quality firms exhibiting a stronger reallocation response. 
This proactive behavior further amplifies the welfare losses borne by domestic consumers.

. Introduction

This paper documents that China’s domestic regulations in 2018, which curtailed the subsequent growth potential of its game 
pp market, led to a sharp and immediate surge in exports of this sector. This observation raises an intriguing question: why did it 
ake domestic regulatory pressure to prompt game app firms to export?
This question is particularly relevant in the context of digital sectors. Existing literature on market interdependence predom-

nantly focuses on the manufacturing sector, employing either a static decreasing-returns-to-scale (DRS) production model or a 
apacity constraint framework (Almunia et al., 2021; Vannoorenberghe, 2012; Blum et al., 2013; Soderbery, 2014). However, these 
rameworks have limited applicability for our research question, as the marginal cost of production in digital sectors is widely 
ecognized to be exceptionally low.
More importantly, static frameworks that focus on contemporary interdependence are inadequate for our context. This is because, 

espite stimulating an immediate increase in exports, the 2018 regulations did not affect the Chinese game app market as it stood, 
ut instead suppressed its future growth prospects. We therefore propose a dynamic perspective in which firms face intertemporal 
ustomer accumulation under capacity constraints.
Specifically, China’s game app sector experienced two major regulatory shocks in 2018. In China, every game app must obtain 

 license before it can formally operate or charge users. The first shock was an unexpected nine-month suspension of game license 
pprovals, triggered by institutional conflicts during a government restructuring. There was no clear timeline for resumption, and 
his suspension is widely seen as the start of heightened regulatory scrutiny, partly in response to growing public concerns over 
outh gaming addiction in late 2017.
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The second shock came later in 2018, when the government announced plans for broader regulations aimed at curbing gaming 
addiction among teenagers. These include stricter game content censorship, limits on the number of new games and restrictions on 
minors’ access to games. Consistent with this policy shift, the number of licenses issued remained very low even after the approval 
process resumed.

We argue that the effect of these regulatory shocks would primarily manifest on the demand side. On one hand, the regulatory 
measures announced by the Chinese government are aimed at restricting minors’ access to game apps, thereby shrinking the potential 
customer base. On the other hand, products in the game app sector are always faced with rapid customer churning, making it critical 
for firms to continually release new apps to attract customers, as well as maintain and increase demand size. Any freeze or stricter 
control on game license approvals directly undermines this key operational ability.

In addition, these regulatory shocks principally affect post-2018 prospects of China’s game app market. The current operations 
of game development companies rely on game apps that have already obtained licenses, rather than those still pending license 
approval. Therefore, a freeze on the issuance of game licenses should not directly impact these companies’ immediate market 
demand. Moreover, the government’s announcements in 2018 regarding game app usage were largely forward-looking, with no 
concrete regulatory measures implemented that year.

Using mobile app data from Data.ai, one of the world’s leading data platforms for mobile app analysis, we find that China’s 
exports in the game app sector surged by approximately 62% immediately after the regulation shocks, compared to both China’s 
exports in other app categories and the game app exports of other countries.1 Further analysis reveals that the export surge was 
driven almost entirely by an increase in the number of apps reaching foreign markets—the extensive margin. Crucially, within this 
extensive margin, the expansion was largely accounted for by apps that had already been established in foreign markets prior to 
the shock.2

We construct within-market–year user-size terciles to examine whether export growth differs across app tiers. We find that 
Chinese apps in the top, middle, and bottom terciles all experienced broadly similar export increases, indicating that the effect 
is pervasive across the popularity distribution rather than driven by a narrow set of highly popular apps. At the firm level, we 
find that export growth is more pronounced among high-quality firms, which, prior to the shock, exhibited superior monetization 
performance in both domestic and foreign markets and were more heavily oriented toward the domestic market.

Our robustness analysis reveals an important asymmetry across export metrics: while the regulatory shock produced a relatively 
modest increase in new downloads, it generated a substantially larger effect on the install base—the accumulated stock of retained 
users. This divergence suggests that the increase in user base was mainly driven by a significant reduction in uninstallation rates.

We argue that while app entry merely involves launching in a foreign market, expansion requires substantial post-launch 
investments to scale the user base amid high churn rates and platform congestion. Key investments include user acquisition ads 
(e.g., Google/Facebook), app store optimization (e.g., optimizing keywords, icons, screenshots, and ratings for search rankings), 
influencer partnerships (e.g., Twitch/YouTube), and localization maintenance. The domestic regulatory shock encourages firms to 
redirect these post-launch investments toward sustaining and deepening foreign user engagement.

To model these mechanisms and explain the export responses above, we develop a simple two-period model that incorporates 
dynamic customer accumulation under capacity constraints. In the model, each app is endowed with an exogenous intrinsic quality 
and an endogenous augmented quality. Intratemporally, the firm allocates its fixed capacity between the home and foreign markets 
to improve augmented quality, thereby attracting and maintaining users (static customer acquisition). Intertemporally, a larger 
customer base in the previous period contributes to a higher augmented quality and larger user size in the current period (dynamic 
customer accumulation).

Prior to the shocks, firms allocate more capacity to the home market when it has strong growth potential. As the regulatory shocks 
weaken the domestic future market potential, firms proactively shift capacity to foreign markets, consequently increasing exports. 
Additionally, firms with higher intrinsic product quality attract more customers per unit of capacity, and thus are characterized by 
stronger customer accumulation. Therefore, they respond more strongly to regulatory shocks, which is consistent with the empirical 
findings of heterogeneous effects among firms. The calibrated model can replicate the export responses documented by our empirical 
analysis.

Our model further suggests that firms’ forward-looking behavior amplifies the impact of future shocks and generates an 
asymmetric welfare divergence between firms and domestic consumers. In anticipation of tighter future regulations, firms shift 
capacity abroad proactively, partially cushioning their aggregate revenue losses. However, this intertemporal optimization comes at 
a disproportionate cost to domestic consumers: the quantitative analysis shows that the proactive response raises the total two-period 
welfare loss for domestic consumers from 32.7% to 40.8%. This is attributable to two reinforcing channels. On the one hand, firms’ 
anticipatory response directly reduces their resource allocation to the domestic market in the first period. On the other hand, this 
anticipatory response further erodes the domestic user base in the second period, prompting firms to shift their resource allocation 
abroad further and hence amplifying the aggregate impact.

In summary, this paper makes the following empirical and theoretical contributions to the literature. Empirically, it provides 
robust causal evidence on cross-market interdependence, leveraging exogenous policy shocks in China’s game app market. Besides, 
our empirical findings further offer two novel insights: first, contrary to the common expectation, we demonstrate that significant 

1 Most markets outside of China do not have such license systems. So there is no policy constraint for game app entry in the foreign markets.
2 The contribution of incumbent apps to the extensive margin operates through two channels. The first involves geographic expansion: apps already present in 

some overseas markets may penetrate additional markets. The second works through reduced exit: a decline in the exit rate of incumbent apps directly increases 
the number of apps observed in the data.
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market interdependence does exist in digital sectors; second, while existing literature predominantly focuses on contemporaneous 
relationships, we uncover a dynamic, intertemporal linkage, revealing firms’ forward-looking behavior. Theoretically, to the best of 
our knowledge, this paper is the first study to integrate dynamic customer accumulation with static capacity constraints to examine 
both intratemporal and intertemporal market linkages.

The remainder of this paper is organized as follows. Section 2 reviews the related literature. Section 3 discusses the policy 
background. Section 4 introduces the data we use, presents the empirical strategies and results. Section 5 describes our theoretical 
model while Section 6 presents the calibration and quantitative analysis. Finally, Section 7 concludes the paper.

2. Related literature

Our empirical analysis demonstrates that domestic regulation of the home market can unintentionally stimulate exports, 
suggesting a systematic linkage between a home market contraction and export growth. Empirically, our paper is closely related to 
the literature examining the substitutability between domestic sales and exports (Defever et al., 2015; Berman et al., 2015; Almunia 
et al., 2021; Albornoz et al., 2023; Mattoo et al., 2022). We contribute to these studies by exploiting an exogenous domestic policy 
shock in a digital sector, a context that has received comparatively little attention in this strand of the literature.

Theoretically, the works of Vannoorenberghe (2012), Blum et al. (2013), Soderbery (2014), and Ahn and McQuoid (2017) 
show that canonical static models featuring increasing marginal costs or capacity constraints can naturally generate substitution 
between home sales and exports. Following these papers, we model an intratemporal capacity constraint on customer acquisition. 
However, as we discuss below, we embed this static framework into a dynamic model of customer accumulation, thereby exploring 
the intertemporal and cross-market interdependencies that static approaches cannot capture.

Our paper is also related to the broader literature on the role of customer bases in firm dynamics. This literature traces its origins 
to the seminal contributions of Phelps and Winter (1970), Bils (1989), and Rotemberg and Woodford (1991), and has since been 
extended across a wide range of contexts (Ravn et al., 2006; Petrosky-Nadeau and Wasmer, 2011; Dinlersoz and Yorukoglu, 2012; 
Gourio and Rudanko, 2014; Foster et al., 2016; Dou and Ji, 2020; Einav et al., 2021).

A growing body of work has highlighted the essential role of investment in customer accumulation in international trade (Ruhl 
and Willis, 2017; Fitzgerald et al., 2016; Rodrigue and Tan, 2019; Eaton et al., 2021; Piveteau, 2021). Given the centrality of 
the customer base, successful entry into a foreign market is typically associated with substantial selling expenditures devoted to 
customer acquisition (Rodrigue and Tan, 2019). Arkolakis (2016) developed a dynamic model of customer acquisition to account 
for the growth patterns observed among exporting firms.3 In the models of these papers, however, firms’ customer accumulation 
decisions are treated as independent across markets.

We bring together these two strands of literature — one emphasizing static capacity constraints and the other dynamic customer 
accumulation — by developing a framework in which firms accumulate customers subject to a binding capacity constraint. In this 
unified setting, firms respond proactively to anticipated future shocks by adjusting their current allocation of fixed capacity across 
markets, giving rise to novel dynamic cross-market interdependencies in international trade that neither strand alone can generate.4

Finally, our paper contributes to the growing literature on trade in the digital economy. Goldfarb and Tucker (2019) identified 
several channels through which digital technology can facilitate international trade. Herman and Oliver (2023) found that digital 
trade facilitation provisions embedded in trade agreements promote trade flows, particularly in services. Sun and Trefler (2024) 
examined how the interplay between artificial intelligence adoption and data-flow regulations shapes digital service trade.5

3. Policy background

China’s game app sector experienced two significant regulatory shocks in 2018 that fundamentally reshaped its competitive 
landscape. The first was an unexpected suspension of game license approvals; the second was the introduction of comprehensive 
new regulations imposing stricter controls on both license issuance and game app usage. A detailed timeline of these regulatory 
events is presented in Appendix A.

As documented in Appendix A, the suspension of game license approvals unfolded against the backdrop of a broader institutional 
restructuring, in which the former State Administration of Press, Publication, Radio, Film and Television (SAPPRFT) was dissolved 
and reconstituted as two separate entities: the State Administration of Press and Publication (SAPP) and the General Administration 
of Radio and Television (GART). The resulting jurisdictional conflicts between these newly established bodies precipitated a 
nine-month freeze on license approvals, which took effect in March 2018.

The licensing suspension generated substantial uncertainty among industry participants. It quickly came to be interpreted as 
the opening salvo of a broader government campaign to regulate online gaming, itself a response to mounting public concern 

3 Following Arkolakis (2010, 2016), we assume a convex cost of customer acquisition in each market.
4 A separate literature examines firm export dynamics in an interdependent world by assuming cross-country complementarities in export decisions (Schmeiser, 

2012; Chaney, 2018; Albornoz et al., 2012; Morales et al., 2019). Our paper proposes a distinct mechanism through which cross-country dependence emerges 
in firms’ export dynamics.

5 There is an emerging literature that investigates the digital economy using mobile app data. Sun and Trefler (2024) examined the impact of AI on digital 
exports as measured by app-level data. Ershov (2024) analyzed congestion externalities in online markets using app data. Bian et al. (2023) studied the supply 
and demand of private services in the mobile app market. Janssen et al. (2022) investigated the impact of the EU’s General Data Protection Regulation on app 
entry and exit.
3
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over minors’ addiction to online games. Concurrent with the suspension, the SAPP issued a series of policy documents outlining 
forthcoming comprehensive regulations for the online game market. These measures encompassed stricter content censorship, tighter 
controls on the volume of new game releases, and explicit restrictions on minors’ access to online games.6

These regulatory restrictions on new game approvals pose fundamental challenges for mobile game companies. The sector is 
characterized by inherently short product life cycles and persistently high user churn rates, making the continuous release of new 
titles an operational necessity for sustaining market share. Restrictions on license issuance directly impair this critical business 
practice, thereby curtailing the long-run growth potential of China’s domestic game market.

It is important to emphasize, however, that these regulatory shocks primarily affected subsequent market potential rather than
current market size. Game app companies derive their revenues from titles that have already obtained licenses and are actively 
deployed, not from those pending approval. Similarly, the government’s 2018 announcements were predominantly forward-looking 
in character, with concrete restrictive measures largely deferred to later periods.

This feature of the regulatory environment marks an important departure from the framework of Almunia et al. (2021) and related 
studies, which employ a static decreasing-returns-to-scale model in which reductions in current home market size lower marginal 
production costs and thereby stimulate exports. Our setting instead calls for a dynamic perspective: it is the anticipated deterioration 
of future domestic market potential — rather than any contemporaneous contraction — that drives firms’ export responses.

4. Empirical study

4.1. Mobile-app data

Our study employs mobile app data from Data.ai, a leading global platform for mobile application analytics. Data.ai aggregates 
performance information from the world’s two largest app marketplaces — Apple’s App Store and Google Play Store — which 
together serve as the primary distribution channels for iOS and Android applications, respectively. The platform provides a 
comprehensive dataset encompassing unique app identifiers, genre classifications (e.g., games, music, books), and rich metadata 
including developer information, country of origin, and key performance indicators such as annual download counts and active 
user figures.

The dataset covers the top 1000 apps ranked by annual active users in each destination market. We obtain a partial-access 
license to Data.ai covering apps from 20 destination countries over the period 2014–2019, developed by companies across a wide 
range of source nations; see Table B1 for a full account of the data dimensions. Because smartphone penetration remained relatively 
limited in 2014, our empirical analysis focuses on the 2015–2019 window. One institutional feature of the data is worth noting: 
since Google Play services are unavailable in mainland China, our Chinese market observations derive exclusively from the Apple 
App Store. This restriction does not affect our core analysis, however, as our empirical strategy focuses on Chinese app performance 
in foreign markets.

A defining feature of the digital app economy is that the vast majority of apps are distributed under free-to-download, advertising- 
or in-app-purchase-supported business models, leaving no reliable revenue trail for most titles (Deng et al., 2020).7 Following Sun 
and Trefler (2022), we use the number of active users as the primary proxy for app-level sales in our main analysis.8 For robustness, 
we supplement this baseline measure with alternative performance indicators, including download counts, installed base, and total 
usage time.

Appendix B presents the descriptive evidence for the sharp post-2017 expansion of Chinese game app exports. Furthermore, such 
export expansion manifests itself across apps of varying ranks and different destination markets. When comparing the number of 
game app users with that of other apps, the relative scale of game apps in overseas markets has surged since 2017, while in the 
domestic market it has remained largely stable.

4.2. Empirical strategy

To assess the impact of China’s domestic regulations on its game app exports, we compare the export performance of Chinese 
game apps against other app categories across destination markets, as well as against apps of the same category originating from 
other countries.

Our first specification adopts a difference-in-differences (DID) framework, which helps isolate the causal impact of the regulatory 
shock by controlling for supply- and demand-side common factors affecting China’s export in broad digital sectors, such as shifts in 
smartphone penetration rates in foreign markets. The regression model is specified as: 

𝑌𝑐𝑗𝑡 = 𝛼0 + 𝛼1 ⋅ 𝑇 𝑟𝑒𝑎𝑡𝑐 ⋅ 𝑝𝑜𝑠𝑡𝑡 + 𝛾𝑐𝑗 + 𝛾𝑗𝑡 + 𝜖𝑐𝑗𝑡 (1)

6 Figure A2 in Appendix A plots the annual average number of licenses approved per firm in China. It shows that approvals grew steadily through 2017 
before plunging sharply in 2018 as a direct consequence of the nine-month suspension. Crucially, approval numbers have remained depressed in the years since, 
reflecting the persistence of the government’s more stringent post-2018 licensing regime.

7 Data.ai does provide rough revenue estimates for a subset of apps; however, these figures are themselves inferred from observable performance indicators 
— most notably download counts and active users — rather than from direct financial records, and should therefore be interpreted with caution.

8 Sun and Trefler (2022) construct analogous measures using data from Sensor Tower, another major mobile analytics platform. Sensor Tower and Data.ai 
employ broadly similar data collection methodologies and provide comparable performance metrics, lending confidence to the cross-study comparability of our 
findings.
4
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where 𝑐, 𝑗, and 𝑡 index app categories, destination countries, and years, respectively. 𝑌𝑐𝑗𝑡 measures China’s app exports of category 
𝑐 to country 𝑗 in year 𝑡. 𝑇 𝑟𝑒𝑎𝑡𝑐 is a binary indicator equal to one for game apps and zero otherwise. 𝑝𝑜𝑠𝑡𝑡 equals one if 𝑡 is greater 
than 2017 and zero otherwise, capturing the post-regulation period.

We include destination-category fixed effects 𝛾𝑐𝑗 to absorb time-invariant bilateral factors that influence China’s app exports 
of each category to each destination market. We additionally include destination–year fixed effects 𝛾𝑗𝑡 to control for time-varying, 
destination-specific factors that affect China’s overall app exports to each country in each year. 𝜖𝑐𝑗𝑡 denotes the error term.

Our second specification employs a triple-difference (DDD) framework, which provides a more demanding identification by 
introducing an additional layer of comparison. Specifically, beyond comparing game apps with other app categories within China 
(as in the DID framework), the DDD framework further nets out analogous growth patterns observed among apps exported by other 
countries. This approach allows us to more cleanly attribute the estimated effect to China-specific regulatory changes, rather than 
to global trends in the game app industry. The DDD model is specified as: 

𝑌𝑖𝑗𝑐𝑡 = 𝛽0 + 𝛽1 ⋅ 𝑇 𝑟𝑒𝑎𝑡𝑐𝑖 ⋅ 𝑝𝑜𝑠𝑡𝑡 + 𝛾𝑖𝑗𝑐 + 𝛾𝑗𝑡 + 𝛾𝑖𝑡 + 𝛾𝑐𝑡 + 𝜖𝑖𝑗𝑐𝑡 (2)

where 𝑌𝑖𝑗𝑐𝑡 denotes the exports of apps of category 𝑐 exported from country 𝑖 to country 𝑗 in year 𝑡. 𝑇 𝑟𝑒𝑎𝑡𝑐𝑖 is a binary indicator 
equal to one if the observation corresponds to China’s game app sector, and zero if it corresponds to China’s non-game app sector 
or to apps of any category exported by other countries. The DDD specification includes country–pair–category fixed effects (𝛾𝑖𝑗𝑐) to 
control for time-invariant factors specific to each exporter–importer–category triplet, as well as exporter–year (𝛾𝑖𝑡), importer–year 
(𝛾𝑗𝑡), and category–year (𝛾𝑐𝑡) fixed effects to absorb time-varying shocks at the exporter, importer, and category levels, respectively. 
𝜖𝑖𝑗𝑐𝑡 denotes the error term.

For the baseline regressions, we measure app exports using the number of active users in foreign markets as the primary outcome 
variable, following Sun and Trefler (2022). Given the presence of zero values in our sample, we estimate both equations using the 
Poisson pseudo-maximum likelihood (PPML) estimator proposed by Silva and Tenreyro (2006), which accommodates zero-valued 
observations and is robust to heteroskedasticity. In addition, we supplement our analysis with alternative export performance metrics 
to further validate our findings.

Moreover, prior to interpreting the baseline estimates, we validate the parallel trends assumption underlying both specifications. 
For each model, we replace 𝑝𝑜𝑠𝑡𝑡 with a full set of year indicators 𝑦𝑒𝑎𝑟𝑡 and examine the year-by-year interaction between the 
treatment indicator and each year dummy, with 2015 serving as the reference year.

4.3. Baseline results

Table  1 reports the estimation results using the number of active users as the dependent variable. Panel A presents the DID 
estimates and Panel B presents the DDD estimates. Column (1) reports results for the whole sample. Columns (2) and (3) progressively 
exclude the top 1 and top 3 apps within each source–country–category–year cell — ranked by active users in that year — to mitigate 
concerns that the baseline results are driven by a small number of blockbuster apps.

The results in Panel A show that the coefficient on 𝑇 𝑟𝑒𝑎𝑡𝑐 ⋅ 𝑝𝑜𝑠𝑡𝑡 is 0.679. Given that the model is estimated via PPML method, 
this coefficient implies that China’s game app exports increased by about 97% (𝑒0.679 − 1 ≈ 97.2%) relative to other app categories 
following the 2018 regulatory shock. This finding is robust to the exclusion of top-ranked apps, with comparable coefficients of 
0.605 and 0.817 in Columns (2) and (3), respectively.

The DDD estimates in Panel B corroborate these findings. The coefficient on 𝑇 𝑟𝑒𝑎𝑡𝑐𝑖 ⋅ 𝑝𝑜𝑠𝑡𝑡 in Column (1) is 0.483, implying an 
approximate increase of 62% (𝑒0.483 − 1) in China’s game app exports. Columns (2) and (3) present comparable coefficients in the 
absence of the top-ranking apps. Taken together, the results from both specifications consistently indicate that China’s domestic 
regulatory shock induced a substantial expansion of its game app exports. The DDD estimate is smaller in magnitude than its 
DD counterpart, which is likely because the global game market experienced broad-based demand growth during this period. By 
incorporating an additional control group of foreign game apps, the DDD specification absorbs this common upward trend, thereby 
yielding a more conservative estimate of the treatment effect.

Fig.  1 presents the results of parallel trends test for both the DID (left panel) and DDD (right panel) specifications, with 2015 
as the reference year. In both panels, the pre-treatment coefficients are stable and statistically indistinguishable from zero prior 
to 2018, supporting the validity of the parallel trends assumption for both specifications. Following the 2018 regulatory shock, 
however, the coefficients exhibit a sharp and sustained increase in both panels, consistent with the baseline estimates reported in 
Table  1.

4.4. Robustness check: Alternative measures of app export performance

To assess the robustness of our baseline findings, we replicate the main specifications using three alternative measures of app 
export performance: the number of downloads, the install base, and total usage time across destination markets.9 These metrics 
capture distinct dimensions of international market penetration: downloads reflect initial user acquisition, install base measures 
cumulative user acquisition, and total usage time proxies for the depth of user engagement.

9 The variable Downloads refers to the annual number of app downloads, while Install Base represents the total number of devices with the app installed in 
a given year—equivalently, the cumulative number of downloads adjusted for uninstallations over time.
5
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Table 1
Baseline regressions: Active users as the measure of exports.
 (1) (2) (3)  
 Whole sample Delete Top 1 Delete Top 3 
 Panel A: Double-difference
 𝑇 𝑟𝑒𝑎𝑡𝑐 ⋅ 𝑝𝑜𝑠𝑡𝑡 0.679*** 0.605* 0.817**  
 (0.156) (0.351) (0.361)  
 Observations 551 551 528  
 Category–Importer FE Yes Yes Yes  
 Importer–Year FE Yes Yes Yes  
 Panel B: Triple-difference
 𝑇 𝑟𝑒𝑎𝑡𝑐𝑖 ⋅ 𝑝𝑜𝑠𝑡𝑡 0.483*** 0.424 0.689**  
 (0.182) (0.331) (0.336)  
 Observations 22,244 17,868 14,216  
 Importer–Year FE Yes Yes Yes  
 Exporter–Year FE Yes Yes Yes  
 Country pair–category FE Yes Yes Yes  
 Category–Year FE Yes Yes Yes  
Note: This table reports regression results using the number of active users as the dependent 
variable. Panels A and B present results from double-difference and triple-difference estimations 
based on Eqs.  (1) and (2), respectively. Column (1) uses the full sample, while Columns (2) 
and (3) progressively exclude the top-ranked 1 and 3 apps annually within source country 𝑖, 
category 𝑐, and year 𝑡. ***, **, and * denote statistical significance at the 1%, 5%, and 10% 
levels, respectively. Standard errors clustered at the destination-market level are reported in 
parentheses for Panel A, and at the country–pair level for Panel B.

 
(a) Double-difference Estimation

  
(b) Triple-difference Estimation

 

Fig. 1. Parallel trends assumption tests.
Note: The left panel displays the parallel trends test for the difference-in-differences model, while the right panel shows the results for the 
triple-differences model. Blue squares indicate the estimated coefficients on the year-specific interaction terms, with vertical lines representing 
95% confidence intervals. All estimates are relative to the baseline year of 2015.

Table  2 presents the results, with Panel A reporting the DID estimates and Panel B reporting the DDD estimates. Translating the 
PPML coefficients into percentage terms, the results in Panel A imply that China’s game app exports increased by approximately 
36% in downloads, 134% in install base, and 267% in total usage time relative to other app categories following the 2018 regulatory 
shock. The DDD estimates in Panel B yield positive coefficients across all three metrics, and the magnitudes are considerably smaller 
than their DID counterparts, which is consistent with the results in Table  2. Specifically, the implied effects shrink to approximately 
5% for downloads, 68% for install base, and 213% for total usage time, respectively.

Notably, the results presented in Table  2 reveal an important distinction between user flow and user stock. While the regulatory 
shock had a relatively modest impact on new downloads, it produced a substantially larger effect on the install base—the 
accumulated stock of retained users. This divergence implies that export growth was driven not primarily by initial user acquisition, 
but rather by a significant reduction in the uninstallation rate (larger accumulated user acquisition). Economically, a sustained 
decline in user churn indicates that consumers are deriving persistent utility from these apps over time, which is consistent with an 
improvement in app quality focused specifically on long-run retention rather than initial appeal.

This pattern provides crucial motivation for the theoretical framework developed in the subsequent section. It suggests that 
following the domestic regulatory tightening, firms responded by reallocating post-launch investment toward foreign markets. That 
6
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Table 2
Alternative measurements of app exports performance.
 (1) (2) (3)  
 Downloads Install base Total time 
 Panel A: Double-difference
 𝑇 𝑟𝑒𝑎𝑡𝑐 ⋅ 𝑝𝑜𝑠𝑡𝑡 0.309*** 0.850*** 1.303**  
 (0.094) (0.241) (0.517)  
 Observations 547 551 528  
 Category–Importer FE Yes Yes Yes  
 Importer–Year FE Yes Yes Yes  
 Panel B: Triple-difference
 𝑇 𝑟𝑒𝑎𝑡𝑐𝑖 ⋅ 𝑝𝑜𝑠𝑡𝑡 0.052 0.521** 1.142**  
 (0.124) (0.247) (0.473)  
 Observations 21,949 21,734 18,293  
 Importer–Year FE Yes Yes Yes  
 Exporter–Year FE Yes Yes Yes  
 Country pair–category FE Yes Yes Yes  
 Category–Year FE Yes Yes Yes  
Note: This table reports regression results using alternative dependent variables. The specifications 
in Panels A and B mirror those in Column (1) of Table  1. The three columns correspond to 
different performance metrics: (1) downloads, (2) install base, and (3) total usage time. ***, 
**, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. Standard 
errors clustered at the destination-market level are reported in parentheses for Panel A, and at 
the country–pair level for Panel B.

Table 3
Intensive vs. extensive margin at the app level.
 Dep. variable (1) (2) (3) (4) (5) (6)  
 Intensive margin Extensive margin (Number of Apps)
 Avg. Users Num. All Apps Existing New Existing New  
 𝑇 𝑟𝑒𝑎𝑡𝑐 ⋅ 𝑝𝑜𝑠𝑡𝑡 0.122 0.602*** 0.647*** 0.507** 0.409** 0.366  
 (0.126) (0.189) (0.165) (0.256) (0.171) (0.287) 
 Including Year 2019 Yes Yes Yes Yes No No  
 Category–Importer FE Yes Yes Yes Yes Yes Yes  
 Importer–year FE Yes Yes Yes Yes Yes Yes  
 Observations 551 551 546 519 436 404  
Note: The dependent variable in Column (1) is the average user count per app, while Columns (2) through (6) report app counts: 
column (2) shows all apps; Columns (3) and (4) separate previously existing versus newly emerging apps in foreign markets; and 
Columns (5) and (6) repeat this distinction excluding observations from 2019. ***, **, and * denote statistical significance at 
the 1%, 5%, and 10% levels, respectively. Standard errors clustered at the destination-market level are reported in parentheses.

is, the resources previously directed at maintaining domestic market presence were redirected toward enhancing app quality for 
foreign users.

4.5. Intensive and extensive margin at app products level

To better understand the mechanisms underlying the overseas expansion of Chinese game apps, we conduct a product-level 
decomposition analysis. Specifically, we decompose export growth along two margins: the intensive margin, measured as the average 
number of active users per app, and the extensive margin, measured as the total number of apps observed in a given destination 
market and year.

Columns (1) and (2) of Table  3 present the estimation results for each margin using Eq.  (1). The intensive margin coefficient 
in Column (1) is 0.122, while the extensive margin in Column (2) yields a substantial estimated coefficient of 0.6. Taken together, 
these results indicate that the export expansion was primarily driven by an increase in the number of observed apps reaching foreign 
markets.

We further decompose the extensive margin by distinguishing between two types of apps observed in each destination market–
year cell: (a) existing apps — those that had already been active in at least one foreign market prior to the current year — and (b)
new apps —those entering a foreign market for the first time. Columns (3) and (4) of Table  3 report the results. Both categories 
exhibit statistically significant growth following the 2018 regulatory shock, with the expansion in existing apps being considerably 
more pronounced than that in new apps.

One potential concern is that the estimated increase in existing apps during 2019 may partly reflect a mechanical carry-over 
effect from the surge in newly launched apps in 2018—apps classified as ‘‘new’’ in 2018 are reclassified as ‘‘existing’’ in 2019, 
mechanically inflating the existing-app count. To address this, Columns (5) and (6) replicate the analysis on a restricted sample that 
7
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Table 4
Heterogeneous effect across app ranking tiers.
 (1) (2) (3)  
 High-tier Medium-tier Low-tier  
 𝑇 𝑟𝑒𝑎𝑡𝑐 ⋅ 𝑃𝑜𝑠𝑡𝑡 0.842*** 0.962** 1.044*** 
 (0.090) (0.433) (0.397)  
 Category × Importer FE Yes Yes Yes  
 Importer × Year FE Yes Yes Yes  
 Observations 551 382 219  
Note: This table reports difference-in-differences estimates based on Eq.  (1). 
The dependent variable is the log number of overseas active users for each 
category of Chinese apps within a given ranking tier, aggregated at the market–
category–tier–year level. High-tier apps are defined as those ranked in the top 
200 by active users within a given market–year; medium-tier apps occupy ranks 
201–500; and low-tier apps are ranked above 500. Standard errors are reported 
in parentheses. ***, **, and * denote statistical significance at the 1%, 5%, and 
10% levels, respectively.

excludes 2019. The results are qualitatively unchanged: both existing and new apps exhibit significant growth, confirming that the 
pattern is not an artifact of this reclassification.

The product-level decomposition yields a central empirical finding: the existing apps play a significant role in the post-2018 
expansion in China’s game-app exports. This observation raises a fundamental question about the nature of the export response: 
if Chinese game app developers had already built internationally competitive products before 2018, what prevented them from 
expanding abroad earlier? Why did domestic regulatory pressure serve as the trigger for international market expansion? These 
questions motivate the theoretical framework developed in the following section.

4.6. Heterogeneity by app ranking within destination markets

To assess whether the overseas expansion of Chinese game apps was concentrated among top-ranked apps or distributed broadly 
across the performance spectrum, we conduct a heterogeneity analysis by app performance tier. While the baseline regression 
aggregates active users at the market–category–year level without distinguishing apps by their relative competitive standing, we 
here introduce a finer partition by ranking all apps within each market–category–year cell according to the number of active users, 
irrespective of country of origin, and assigning each Chinese app to one of three performance tiers: high-tier (ranks 1-200), medium-
tier (ranks 201-500), and low-tier (ranks 501 and above). We then aggregate the data at the market–category–year-tier level to 
construct three tier-specific subsamples, within which we replicate the baseline estimation separately.

Re-estimating the specification in Eq.  (1) separately for each tier allows us to compare the differential export response of 
Chinese game apps relative to non-game apps within the same performance tier, thereby controlling for any tier-specific trends 
that may confound the aggregate estimates. Table  4 reports the results. Several patterns merit attention. First, the treatment effect 
is positive and statistically significant across all three tiers, with estimated coefficients of 0.842, 0.962, and 1.044 for the high-, 
medium-, and low-tier samples, respectively. These results indicate that the post-2018 export expansion was pervasive across the 
performance distribution. Second, the point estimates exhibit a mild upward gradient from the high tier to the low tier, suggesting 
that lower-ranked Chinese game apps experienced a proportionally larger boost relative to their non-game counterparts in the same 
tier.

4.7. Firm-level heterogeneity

In this section, we examine how firms with heterogeneous pre-shock characteristics responded to the domestic regulatory shock. 
Specifically, we classify Chinese game app companies into two groups based on their pre-2018 market presence. The first group, 
referred to as H-type firms, comprises companies that had at least one app ranked among the top 1000 in both the domestic Chinese 
market and international market prior to 2018, indicating that these firms had already established competitive strength on both 
fronts. The second group, referred to as L-type firms, includes companies whose apps achieved top-1000 rankings in international 
markets but not in the domestic market, suggesting comparatively weaker home-market competitiveness prior to the regulatory 
shock. Under this classification, L-type firms outnumber H-type firms by approximately a factor of two.10

Appendix C validates this classification using pre-shock export performance. H-type firms have a larger pre-shock overseas user 
base and a substantially higher share of exports directed to the EU and US markets, indicating that they are higher-quality firms 
before the regulatory shock.

10 A third category exists in our sample, consisting of companies whose apps ranked among the top 1000 exclusively in the domestic market prior to 2018. 
As our analysis requires firm-level export data spanning both the pre- and post-2017 periods, it is excluded from the heterogeneity analysis.
8
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Table 5
Heterogeneous response of two types of firms.
 w/ export each year w/ export at least in one year
 (1) (2) (3) (4)  
 Type-H Type-L Type-H Type-L  
 𝑇 𝑟𝑒𝑎𝑡𝑐 ⋅ 𝑝𝑜𝑠𝑡𝑡 0.354** 0.026 0.395*** 0.048  
 (0.150) (0.052) (0.144) (0.051)  
 Firm FE Yes Yes Yes Yes  
 Year FE Yes Yes Yes Yes  
 Observations 436 444 848 512  
Note: This table reports regression results based on Eq.  (3). Columns (1) and (3) include 
H-type firms; Columns (2) and (4) include L-type firms. Columns (1) and (2) restrict 
the sample to firms with exports in each year during 2016–2019. Columns (3) and (4) 
include all firms with exports in at least one year during 2016–2019. ***, **, and * 
denote statistical significance at the 1%, 5%, and 10% levels, respectively. Standard 
errors clustered at the category–year level are reported in parentheses.

To quantify the heterogeneous export responses to the domestic regulatory shock, we estimate treatment effects separately for 
H-type and L-type firms. The regression model is specified as: 

𝑌𝑐𝑓 𝑡 = 𝛼0 + 𝛼1 𝑇 𝑟𝑒𝑎𝑡𝑐 ⋅ 𝑃𝑜𝑠𝑡𝑡 + 𝛾𝑐𝑓 + 𝛾𝑡 + 𝜖𝑐𝑓 𝑡 (3)

where 𝑌𝑐𝑓 𝑡 denotes the log exports of firm 𝑓 operating in app category 𝑐 in year 𝑡, measured by the number of active overseas 
users, consistent with our baseline specification. 𝑇 𝑟𝑒𝑎𝑡𝑐 is an indicator variable equal to one if category 𝑐 is the game app category, 
and 𝑃𝑜𝑠𝑡𝑡 equals one for years after 2017. Firm fixed effects 𝛾𝑐𝑓  absorb time-invariant firm-category-level heterogeneity, and year 
fixed effects 𝛾𝑡 control for common temporal shocks. The coefficient of interest, 𝛼1, captures the change in exports for game app 
firms relative to other app categories following the regulatory shock. Firms in non-game app categories are similarly partitioned 
into H-type and L-type groups to form the respective comparison groups.

Since our dataset records only apps ranked within the top 1000 in each market, many firms are unobserved in certain years. 
Crucially, such absences do not necessarily indicate market exit or zero sales; they more likely reflect a temporary drop below the 
top-1000 threshold. To mitigate the risk of conflating genuine zero-export spells with data censoring, our baseline heterogeneity 
analysis restricts the sample to firms that maintained a continuous presence in foreign markets throughout the entire 2016–2019 
window—a balanced panel that, while conservative, is more internally consistent.11

Table  5 reports the estimation results. Columns (1) and (2) present the baseline heterogeneity estimates for H-type and L-type 
firms, respectively. The estimated coefficient 𝛼1 for H-type firms in Column (1) is approximately 0.35, whereas the corresponding 
estimate for L-type firms in Column (2) is close to zero. These results indicate that the aggregate export expansion documented in our 
baseline regression is driven predominantly by H-type firms—those with demonstrated strength in both domestic and international 
markets prior to the regulatory shock.

Since the balanced-panel restriction in Columns (1) and (2) yields a comparatively small sample, Columns (3) and (4) relax the 
selection criterion to include all firms with observed exports in at least one year during 2016–2019, assigning zero exports in years 
for which no observation is recorded. This broader sample produces qualitatively identical results: the export response remains 
concentrated among H-type firms, with the L-type coefficient remaining negligible, confirming the robustness of the heterogeneous 
pattern to alternative sample constructions.12

We also examine firm-level changes in export orientation by comparing the export-to-home-sales ratio before and after the shock. 
Firms with larger pre-shock domestic markets had lower export-to-home-sales ratios before 2018, but experienced larger increases 
in this ratio after the shock, indicating a stronger reorientation toward foreign markets. Appendix C.2 reports the corresponding 
figure and regression results.

5. Theoretical framework

We develop a two-period dynamic structural model to analyze the strategic resource allocation of domestic game app developers 
operating simultaneously in home (𝐻) and foreign (𝐹 ) markets. The model incorporates three core mechanisms: (1) user acquisition 
driven by app quality enhancement under capacity constraints; (2) an intertemporal user accumulation process, in which the 
current-period user base strengthens future augmented quality and thereby expands subsequent user base; and (3) a forward-looking 
intertemporal optimization framework. Within this framework, a deterioration in future domestic market prospects prompts firms 
to respond proactively, incentivizing them to allocate more resources toward foreign markets immediately.

11 Within this balanced panel, a firm is classified as H-type if it had at least one game app ranked in the top 1000 in both the domestic and a foreign market 
in 2016 or 2017. L-type firms are those with no app ranked in the top 1000 in China’s domestic market during the same period.
12 Although our data indicate that the overseas user base of H-type firms is heavily concentrated in high-tier apps, the app-level percentage-growth results 

and the firm-level total-growth results are fully consistent. While low-tier apps exhibit slightly higher percentage growth rates, the initial user base of high-tier 
apps is substantially larger than that of low-tier apps for both firm types. Consequently, the absolute expansion in total overseas users at the firm level is 
overwhelmingly driven by the growth of high-tier apps.
9
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Following Sun and Trefler (2024), and consistent with the prevailing industry norm whereby the vast majority of mobile game 
apps adopt a free-to-play model, we assume that the app is offered to consumers at no charge. Firms derive revenue exclusively 
from in-app advertising, with this revenue scaling directly with the size of their user base.

To simplify the analysis, we adopt a partial equilibrium framework. Under this setup, foreign market conditions, competitors’ 
strategies, and per-user advertising revenues in both markets are assumed to be exogenous. This stylized environment allows us 
to cleanly trace how the future domestic market conditions reshape the firm’s intertemporal strategies and cross-border resource 
allocation.

5.1. Utility and demand system

Consider a continuum of domestic game developers, indexed by 𝑖 ∈ 𝛺𝐻 . Each developer operates one game app. In each period 
𝑡 ∈ {1, 2} and market 𝑘 ∈ {𝐻,𝐹 }, there exists a strictly positive mass of potential players, denoted by 𝐿𝑘

𝑡 .
We employ a standard discrete choice framework to model consumer demand. The app is offered to consumers free of charge, 

and consumers choose among game apps to maximize their utility. Let 𝑈𝑘
𝑐𝑖𝑡 denote the indirect utility that consumer 𝑐 in market 𝑘

derives from playing game app 𝑖 at time 𝑡. We specify this utility as13: 
𝑈𝑘
𝑐𝑖𝑡 = 𝑉 𝑘

𝑖𝑡 + 𝜀𝑘𝑐𝑖𝑡 (4)

where 𝜀𝑘𝑐𝑖𝑡 is an idiosyncratic, consumer-specific preference shock. We assume 𝜀𝑘𝑐𝑖𝑡 is independently and identically distributed 
following a Type I Extreme Value distribution. 𝑉 𝑘

𝑖𝑡  is the deterministic component of utility, given by 

𝑉 𝑘
𝑖𝑡 = 𝜌𝑘𝑖𝑡 exp(𝑞𝑖) (5)

where 𝑞𝑖 represents exogenous intrinsic quality of app 𝑖, and 𝜌𝑘𝑖𝑡 captures endogenous augmented quality of app 𝑖 in market 𝑘 at 
time 𝑡.

Following standard properties of the extreme value distribution, the probability that a consumer chooses game 𝑖, which 
equivalently defines firm 𝑖’s market share in market 𝑘, is given by the Logit demand function: 

𝑛𝑘𝑖𝑡 =
𝑉 𝑘
𝑖𝑡

𝐷𝑘
𝑡

(6)

Here, 𝐷𝑘
𝑡  represents the inclusive value of the market, which also serves as a measure of market competition. In the Logit 

framework, a higher inclusive value implies greater consumer surplus enjoyed by game app players in the market. It aggregates the 
deterministic utilities generated by all available options: 

𝐷𝑘
𝑡 = ∫𝑗∈𝛺𝐻

𝑉 𝑘
𝑗𝑡 𝑑𝑗 + 𝛹𝑘

𝐹 ,𝑡 (7)

where the term 𝛹𝑘
𝐹 ,𝑡 captures the exogenous competitive pressure from all non-domestic games. Finally, the absolute number of 

users acquired by firm 𝑖 in market 𝑘 at time 𝑡 is directly proportional to its market share and the total market size: 
𝑁𝑘

𝑖𝑡 = 𝑛𝑘𝑖𝑡𝐿
𝑘
𝑡 (8)

5.2. Customer acquisition and customer accumulation

The augmented quality is endogenously determined by two primary factors. The first is the firm’s post-launch investments, which 
encompass infrastructure maintenance (e.g., server stability and low-latency connections), algorithmic optimizations (e.g., refined 
matchmaking systems and game balance adjustments), and continuous live operations (e.g., in-game events, localization updates 
tailored to regional user preferences.). The second is the installed base of players accumulated over prior periods, which generates 
positive network externalities.

The first factor drives contemporaneous user acquisition, while the second drives user accumulation. Together, they directly 
elevate the consumer’s gaming experience. Specifically, the augmented quality is given by 

𝜌𝑘𝑖𝑡 = (𝑚𝑘
𝑖𝑡)

1
𝛾 𝑛̄𝑘𝑖𝑡 (9)

where 𝑛̄𝑘𝑖𝑡 denotes the predetermined user base. 𝑚𝑘
𝑖𝑡 represents the contemporaneous resources allocated to market 𝑘 at time 𝑡, and 

parameter 𝛾 > 1 governs the degree of decreasing returns to scale in operational investment.
In each period, firm 𝑖 is endowed with a fixed amount of operational resources 𝑖. The firm must allocate these resources 

between the domestic and foreign markets, yielding the capacity constraint14: 
𝑚𝐻
𝑖𝑡 + 𝑚𝐹

𝑖𝑡 = 𝑖 (10)

13 We abstract from an explicit outside option (i.e., choosing not to play any game) in the consumer utility specification, as 𝐿𝑘
𝑡  represents the mass of users 

who have already decided to play games. Any increase in the attractiveness of the outside option can be equivalently captured by an exogenous decrease in the 
potential market size 𝐿𝑘

𝑡 .
14 Our use of a fixed capacity constraint to model cross-market interdependence is qualitatively equivalent to assuming decreasing returns to scale (DRS) in 

customer acquisition, under which the firm faces a convex joint cost function 𝐶(𝑚𝐻 + 𝑚𝐹 ). Both specifications imply that expanding post-launch investment in 
one market has a negative impact on the investment in the other.
10
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A critical feature of our model is the endogenous accumulation of the user base, which links the two periods. While the initial 
user base is given exogenously in the first period, the state variable for the second period, 𝑛̄𝑘𝑖2, is determined by the absolute number 
of users acquired in the first period. This mechanism captures network effects, community engagement, and data-driven algorithmic 
improvements derived from the actual player count: 

𝑛̄𝑘𝑖2 = (𝑁𝑘
𝑖1)

𝜁 = (𝑛𝑘𝑖1𝐿
𝑘
1)

𝜁 (11)

where 𝜁 ∈ (0, 1) governs the intertemporal elasticity of user accumulation.

5.3. Firm’s intertemporal optimization

Firms are forward-looking and maximize the present discounted value of their intertemporal profits. Because domestic firms form 
a continuum, any single firm 𝑖 takes the overall market aggregate 𝐷𝑘

𝑡  as given. Since the app is free to use, firms monetize their 
user base through advertising. Let 𝑝𝐻  and 𝑝𝐹  denote the exogenously given average advertising revenue per user in the domestic 
and foreign markets, respectively. Denote 𝑅𝑖𝑡 as the aggregate revenue in period 𝑡. The firm’s dynamic optimization problem is 
formulated as: 

max
{𝑚𝐻

𝑖𝑡 ,𝑚
𝐹
𝑖𝑡 }

𝛱𝑖 =
2
∑

𝑡=1
𝛿𝑡−1𝑅𝑖𝑡 =

2
∑

𝑡=1
𝛿𝑡−1

[

𝑝𝐻𝑁𝐻
𝑖𝑡 + 𝑝𝐹𝑁𝐹

𝑖𝑡
]

(12)

subject to the resource constraint 𝑚𝐻
𝑖𝑡 + 𝑚𝐹

𝑖𝑡 = 𝑖 for 𝑡 ∈ {1, 2}, where 𝛿 ∈ (0, 1) is the discount factor.
Given the state evolution specified in Eq.  (11), the firm’s resource allocation in the first period is inherently forward-looking: it 

must balance the current market environment with the carry-over effects of its decisions on the second-period user base.
We solve for firms’ optimal strategies via backward induction. In the second period, given the state variable 𝑛̄𝑘𝑖2, the firm solves 

a static allocation problem. By equalizing the marginal revenues across the two markets, the optimal resource allocation ratio 
𝑧∗𝑖2 = 𝑚𝐻

𝑖2 ∕𝑚
𝐹
𝑖2 is determined by15: 

𝑧∗𝑖2 =

(

𝑝𝐻𝐿𝐻
2

𝑝𝐹𝐿𝐹
2

𝐷𝐹
2

𝐷𝐻
2

𝑛̄𝐻𝑖2
𝑛̄𝐹𝑖2

)
𝛾

𝛾−1

(13)

According to Eq.  (13), firms are more inclined to allocate resources to their domestic market when it is characterized by relatively 
higher advertising revenues, a larger pool of potential customers, lower competitive intensity, and a larger installed user base. The 
converse holds symmetrically.

In the first period, the firm internalizes the impact of its current resource allocation on its future user base. Applying the envelope 
theorem, the shadow value of the second-period user base is defined by its contribution to future absolute user acquisition. The 
optimal domestic-to-foreign allocation ratio in the first period, 𝑧∗𝑖1 = 𝑚𝐻

𝑖1 ∕𝑚
𝐹
𝑖1, equates the intertemporal marginal returns and is 

given by: 

𝑧∗𝑖1 =
𝑝𝐻𝐿𝐻

1 𝑛𝐻𝑖1 + 𝛿𝜁𝑝𝐻𝐿𝐻
2 𝑛𝐻𝑖2

𝑝𝐹𝐿𝐹
1 𝑛

𝐹
𝑖1 + 𝛿𝜁𝑝𝐹𝐿𝐹

2 𝑛
𝐹
𝑖2

(14)

where the variables 𝑛𝑘𝑖𝑡 are functions of the resource allocation 𝑧∗𝑖1, so Eq.  (14) constitutes an implicit (fixed-point) equation in 𝑧∗𝑖1.

5.4. Modeling the 2018 regulatory shock and its impact

We conceptualize the 2018 regulatory shocks in China’s game app industry as an exogenous reduction in the second-period 
potential user size in the home market, denoted by 𝐿̂𝐻

2 . This modeling choice naturally captures the dual impact of the two primary 
regulatory shocks. First, government authorities announced plans to regulate gaming apps, restricting minors’ game usage, which 
would significantly contract the overall potential user size by directly limiting the access of a substantial demographic segment to 
game activities. Second, the suspension of and restrictions on game license approvals constrained the supply of new titles, thereby 
reducing the variety of available game apps and, consequently, the overall attractiveness of China’s gaming market.

The second mechanism can be explained by consumers’ upper-level discrete choice within a nested logit framework. In such a 
nested choice structure, a contraction in product variety lowers the inclusive value of the game nest relative to the outside option. 
As a result, a larger share of potential consumers optimally substitutes toward the outside option, directly reducing the potential 
market size for game apps. Appendix D provides the formal micro-foundation for this mechanism.16

As explained in Section 3, both components of the regulatory shocks primarily damage the future growth prospects of China’s 
game app market, rather than its contemporaneous market conditions. To align the model with the empirical setting, we assume 

15 The mathematical derivations of the theoretical model are presented in Appendix E.
16 It is important to note that our model assumes a fixed mass of incumbent developers with no new firm entry. Under this industry structure, the introduction 

of new game apps is entirely driven by the product portfolio expansion of existing incumbents. Consequently, restricting the release of new games does not 
dampen the market competition among game apps.
11
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Table 6
Estimated parameters.
 Parameter Description Value 
 𝐿̂𝐻

2 China’s Period-2 gaming market potential under shock vs. no-shock 0.092 
 𝜁 Elas. of user base wrt. previous user size 0.598 
 𝑞 Quality of H-type firms (normalizing 𝑞 = 1) 1.527 
 𝑝𝐹 Advertising revenue per user in foreign market (normalizing 𝑝𝐻 = 1) 0.453 
Note: This table reports the estimated values of parameters by matching the empirical moments.

that the shocks that occurred in 2018 correspond to a decline in period-2 home market potential 𝐿𝐻
2 , rather than 𝐿𝐻

1  in the first 
period.

The regulatory shock affects firm behavior through two linked margins. First, forward-looking firms internalize the fact that 
period-1 resource allocation shapes the user base inherited in period 2. When future home market potential declines, the shadow 
value of accumulating domestic users falls, reducing the dynamic return to investing in the home market in period 1. Firms therefore 
shift resources abroad before the shock is fully realized.

Second, this anticipatory reallocation amplifies the second-period response. A lower 𝐿𝐻
2  directly reduces the marginal return 

to home-market investment in period 2. In addition, the period-1 shift away from the home market leaves firms with a smaller 
domestic user base and a larger foreign user base entering period 2, which further tilts the optimal second-period allocation toward 
foreign markets. Thus, proactive response and dynamic user accumulation jointly strengthen the export response to the regulatory 
shock. Appendix E provides mathematical analysis of the effects of regulatory shocks on firms’ resource-allocation decisions over 
two periods.

6. Quantitative analysis

6.1. Calibration

Our calibration strategy proceeds in two steps. We first assign values directly to a subset of parameters that can be grounded in the 
literature, and normalize certain parameters without loss of generality for the subsequent quantitative analysis. In the second step, 
we structurally estimate the remaining parameters that are most closely tied to the export responses documented in the empirical 
analysis.

We set 𝛾 = 1.25, following Einav et al. (2021), where 𝛾 governs the degree of decreasing returns to scale in customer acquisition. 
The discount factor is fixed at 𝛿 = 0.95, a value widely adopted in the dynamic structural literature. We further assume that 
operational capacity is identical across all firms and normalize it to 𝑖 = 1.

Since our analysis operates within a partial equilibrium framework, in which the decisions of foreign firms are treated as 
exogenous and held constant, we fix the foreign competitive pressure index at 𝛹𝑘

𝐹 ,𝑡 = 1 for both markets and both periods. The 
initial user base in each market is set to 𝑛̄𝑘1 = 0.5. Under this value, a firm that directs half of its operational resources (a magnitude 
of 0.5) to a given market in period 1 would see a modest expansion in that market’s period-2 user base relative to its initial level, 
reflecting the gradual nature of user-base accumulation.

To incorporate the heterogeneous firm responses documented in the empirical analysis, we partition the game app firms into 
two quality types, indexed by 𝑞𝑖 ∈ {𝑞, 𝑞}.17 High-quality firms are characterized by superior intrinsic quality of their apps. We 
calibrate the share of each type to match the data: 30% of firms are classified as high-quality and the remaining 70% as low-quality.

Regarding the market size parameters, the absolute levels of 𝐿𝑘
𝑡  in the absence of shocks are inconsequential to the analysis. 

What drives the results are instead two critical relative magnitudes. The first is the proportional decline in the domestic market in 
period 2 relative to period 1 attributable to the regulatory shock. The second is the relative size of the domestic and foreign markets.

Without loss of generality, we normalize 𝐿𝐹
𝑡 = 1 for both periods, and set 𝐿𝐻

𝑡 = 1 in both periods in the absence of shocks. We 
estimate 𝐿𝐻

2  with the presence of shocks. In the partial equilibrium framework, the relative size of the domestic and foreign markets 
is structurally equivalent to the relative advertising revenue per user across markets: a larger foreign market effectively translates 
into higher foreign advertising revenue. We normalize the domestic advertising revenue per user to 𝑝𝐻 = 1 and estimate the foreign 
counterpart 𝑝𝐹  to capture this relative magnitude.18

We structurally estimate four parameters, reported in Table  6, by minimizing the distance between the model-implied moments 
and their empirical counterparts. The first parameter, 𝐿̂𝐻

2 , captures the shock-induced proportional decline in the domestic market 
potential in the second period. This parameter is primarily identified by the aggregate export growth following the 2018 regulatory 
shock. According to our triple-difference estimates in Table  1, the regulatory shocks led to an approximately 62% increase in total 
exports from China’s game app sector.

The second parameter is the user-accumulation elasticity 𝜁 in Eq.  (11), which governs the strength of intertemporal spillovers 
from first-period to second-period user bases. This parameter is primarily disciplined by the heterogeneous export responses of 

17 We use superscripts 𝐻 and 𝐹 to denote the domestic and foreign markets, respectively, and subscripts  and  to distinguish H-type and L-type firms.
18 While the model abstracts from explicit trade costs, the relative magnitude of 𝑝𝐹  to 𝑝𝐻 inherently subsumes any cost differentials associated with cross-border 

market participation.
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Table 7
Model fit: Targeted and untargeted moments.
 Moment Data Model 
 Panel A: Targeted Moments
 Export growth rate (%) resulting from regulatory shocks 62 62  
 Export growth rate (%) gap between firm types 42 42  
 Pre-shock export ratio of H-type to L-type firms (%) 176 176  
 Pre-shock ratio of overseas to domestic users (%) 47 47  
 Panel B: Untargeted Moments
 Elasticity of E–H ratio w.r.t. initial domestic sales 0.62 0.85  
 Static DRS benchmark for E–H ratio elasticity 0  
Note: Panel A reports the targeted moments used to estimate the parameters in Table  6. Panel 
B reports the untargeted moments used to validate the calibrated model. The second column 
shows empirical values; the third column shows model-implied values. The static DRS benchmark 
predicts a zero elasticity of the export-to-home-sales ratio with respect to initial domestic sales.

high- and low-quality firms: in the model, higher-quality firms respond more strongly to domestic regulatory shocks because they 
accumulate larger user bases, and the magnitude of this differential response increases monotonically with 𝜁 . According to Table  5, 
exports of high-quality firms increased by approximately 42% more than those of low-quality firms following the shock.

The third and fourth parameters capture relative product quality and relative foreign advertising revenue, respectively. We 
normalize the quality of low-quality firms to 𝑞 = 1 and estimate 𝑞 , primarily identified by the pre-shock export ratio of high- to 
low-quality firms. According to Table C1, export volumes of high-quality firms exceeded those of low-quality firms by approximately 
76% during 2016–2017. The foreign advertising revenue 𝑝𝐹  is primarily identified by the pre-shock ratio of China’s total exports 
to total domestic sales in the game app sector, which we set to 0.47 based on the data.

The estimation results are as follows. The calibrated decline in second-period domestic market potential is approximately 90%, 
indicating that the 2018 policy shock induced a sharp and severe downward revision in developers’ expectations about the future 
domestic market.19 The user-accumulation elasticity 𝜁 is estimated at approximately 0.60, indicating a substantial intertemporal 
spillover. The quality premium of high-quality firms 𝑞 is estimated at approximately 1.53 relative to the normalized 𝑞 = 1. Finally, 
the foreign advertising revenue per user 𝑝𝐹  is estimated at approximately 0.45, approximately half of its domestic counterpart, 
plausibly reflecting the additional costs and frictions associated with cross-border operations, such as localization and regulatory 
compliance.

As Table  7 shows, the model-implied targeted moments are virtually identical to their empirical counterparts, indicating that 
the calibrated model successfully replicates the key empirical regularities. We further validate the calibration using an untargeted 
moment. Column (4) of Table C2 indicates that, netting out the common trend across all countries, a 1% larger pre-shock domestic 
sales base of Chinese game app firms is associated with a 0.62% greater shock-induced increase in the export-to-domestic-sales ratio.

As reported in Table  7, the model-implied elasticity of the rise in the export-to-domestic-sales ratio with respect to pre-shock 
domestic sales is 0.85, in close agreement with the empirical estimate of 0.62.20 By contrast, canonical static models with decreasing 
returns to scale (DRS) predict a uniform change in the export-to-domestic-sales ratio across all firms in response to a common demand 
shock, implying a cross-firm correlation of exactly zero.21

6.2. The impact of regulatory shocks in the first period

While Appendix E provides the mathematical derivations underlying the regulatory-shock mechanism, this section quantifies the 
magnitude of this effect, reported in Table  8. Panel A documents a significant proactive shift in resource allocation in response to 
the regulatory shocks. While both high-quality (H-type) and low-quality (L-type) firms redirect their resource allocation abroad, 
H-type firms exhibit a substantially more aggressive reallocation strategy.

Specifically, H-type firms reduce their domestic resource allocation by 40.6% and expand their foreign investment by 204.0%, 
significantly outpacing the respective 22.7% contraction and 121.0% expansion observed among L-type firms. Consequently, the 
asymmetry in resource reallocation propagates directly into user acquisition outcomes, as shown in Panel B. Foreign user acquisition 
for H-type firms surges by 85.0%, nearly double the 43.9% growth rate achieved by L-type firms.

Accordingly, domestic user losses are considerably more pronounced for H-type firms, at 22.7%, compared to just 4.5% for their 
L-type counterparts. Beyond these firm-level effects, the reallocation of H-type firms also generates meaningful general equilibrium 

19 This estimate does not necessarily imply an absolute 90% contraction of the actual potential market size. Rather, it captures a downward revision relative 
to firms’ pre-shock expectations. For instance, if firms previously anticipated a 90% market expansion, this shock essentially offsets that expected growth to zero.
20 Since the model features only two firm types, we compute the model-implied slope as the ratio of the between-type difference in the change in log 

export-to-domestic-sales ratio to the between-type difference in log pre-shock domestic sales. This discrete difference ratio is algebraically equivalent to an OLS 
slope estimated in Table C2.
21 Under a standard static DRS framework, the input requirement for output 𝑦 is 𝑧𝑦𝛼 , where 𝑧 is inversely related to productivity and 𝛼 > 1 governs the 

strength of DRS. A common demand shock shifts the export-to-domestic-sales ratio uniformly across firms because any change in production scale alters marginal 
costs through the DRS channel and affects home sales and export revenues in exactly the same proportion.
13



Journal of Economic Behavior and Organization 249 (2026) 107697X. Li and K. Meng
Table 8
Proactive responses and market structure changes in period 1.
 Outcomes Home market (𝐻) Foreign market (𝐹 ) 
 Panel A: Resource Allocation (% Δ)
  High-quality (H-type) Firms −40.6 +204.0  
  Low-quality (L-type) Firms −22.7 +121.0  
 Panel B: User Acquisition (% Δ)
  High-quality (H-type) Firms −22.7 +85.0  
  Low-quality (L-type) Firms −4.5 +43.9  
 Panel C: Market Structure (Δ percentage points)
  H-type firms’ Market Share −5.0 +5.7  
Notes: This table reports the simulated heterogeneous responses in period 1 to the anticipated 
negative regulatory shock in the domestic market in period 2. Panels A and B report percentage 
changes, while Panel C reports absolute changes in market share (measured in percentage points).

Table 9
Impact of the regulatory shock on period-2 sales and firm revenue.
 Market Firm type Percentage change (%)
 w/ proactive response w/o proactive response 
 Domestic Sales H-type −88.6 −67.2  
 L-type −59.3 −64.3  
 Foreign Sales H-type +187.4 +132.8  
 L-type +155.9 +153.8  
 Total Revenue H-type −32.9 −35.1  
 L-type −28.2 −30.5  
Notes: The table is divided into three panels. The upper and mid panels report the changes in 
home sales and exports in the second period, respectively. The lower panel presents the change in 
total revenue over the two periods. ‘‘w/ Proactive Response’’ refers to the baseline model where 
firms are aware of the shock in Period 1. ‘‘w/o Proactive Response’’ refers to the counterfactual 
scenario where firms only learn about the shock upon its arrival in Period 2.

consequences at the market level. As high-quality firms withdraw a substantial share of their operational resources from the domestic 
market, the endogenous competition index — captured by the denominator of the logit demand system (Eq.  (6)) — declines, 
alleviating competitive pressure in the home market. This reduction in domestic rivalry indirectly benefits L-type firms, which 
face a less congested competitive environment and consequently improve their relative market position. Therefore, compared with 
H-type firms, the decline in domestic customer size experienced by L-type firms is substantially smaller relative to their reduction 
in domestic investment.

Furthermore, this differential reallocation between two types of firms in turn reshapes market structure within the first period, 
as captured in Panel C. As H-type firms systematically redirect more of their operational resources away from the domestic 
market toward the foreign market, the domestic market share of H-type firms decreased by approximately 5 percentage points; 
correspondingly, their foreign market share increased by 5.7 percentage points.

6.3. The impact of regulatory shocks in the second period

We now examine the impact of the regulatory shock in period 2, when it actually takes effect. To isolate the role of firms’ 
proactive responses in shaping the ultimate consequences of the shock, we compare outcomes under two distinct scenarios. In the 
baseline scenario, firms are fully aware of the impending shock in period 1 and optimally adjust their strategies in advance. In the 
alternative scenario, firms remain uninformed of the shock until it arrives in period 2, so their period 1 decisions are identical to 
those made in the absence of any shock. The divergence in outcomes in period 2 across these two scenarios reveals the extent to 
which anticipatory behavior mediates the aggregate impact of the regulatory shock.

Table  9 presents the simulated percentage changes in Period-2 sales across markets under both scenarios. A striking pattern 
emerges: the anticipatory response does not affect H-type and L-type firms symmetrically, generating a divergent set of dynamics 
that reflects the interplay between firm-level optimization and market-wide general equilibrium forces. For H-type firms, proactive 
response significantly amplifies the ultimate impact of the shock in period 2. Under the baseline scenario with proactive response, 
H-type firms experience an 88.6% decline in domestic sales alongside a 187.4% surge in foreign sales. By contrast, when the 
shock is unanticipated and firms exhibit no proactive behavior, the corresponding domestic contraction and foreign expansion are 
considerably more moderate, at 67.2% and 132.8%, respectively.

This amplification is driven by the compounding dynamics of user accumulation. Because in the baseline scenario, H-type 
firms proactively redirect their operational resources away from the domestic market during period 1, they enter period 2 with 
a substantially depleted domestic user base. This reduced stock of domestic users further depresses the marginal return on home-
market investment in the second period, reinforcing the incentive to reallocate even more aggressively toward the foreign market. 
14
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Table 10
Impact of the regulatory shock on consumer inclusive value (%).
 Period Percentage change in inclusive value
 w/ proactive response w/o proactive response 
 Period 1 −14.7 0  
 Period 2 −61.7 −58.0  
 Total (Two-Period Sum) −40.8 −32.7  
Notes: This table reports the simulated percentage changes in the inclusive value, which serves 
as a standard metric for consumer welfare in logit demand systems. The total represents the 
aggregate welfare change across both periods, which is calculated as 𝐷𝐻

1 + 𝛿𝐷𝐻
2 . ‘‘w/ Proactive 

Response’’ refers to the baseline model where firms are aware of the shock in Period 1. ‘‘w/o 
Proactive Response’’ refers to the counterfactual scenario where firms only learn about the shock 
upon its arrival in Period 2.

Consequently, a self-reinforcing mechanism emerges, whereby forward-looking resource reallocation in period 1 amplifies the 
structural divergence between the two markets in period 2.

For L-type firms, this proactive behavior shapes the ultimate impact of the shock in the opposite direction. Specifically, the shock 
causes domestic sales for L-type firms to decline by 59.3% under the baseline scenario, a contraction that is noticeably smaller than 
the 64.3% decline observed when the shock arrives unexpectedly. This attenuation is rooted in market-wide general equilibrium 
effects. As H-type firms anticipate the shock and aggressively redirect their operational resources to the foreign market, competitive 
congestion in the domestic market is substantially relieved. This easing of competitive pressure acts as a reverse crowding-out effect, 
providing a partial buffer for low-quality firms in the home market. Therefore, the proactive response of H-type firms indirectly and 
partially offsets the direct negative impact of the regulatory shock on L-type firms.

Finally, under the baseline scenario with proactive response, total revenue across both periods declines by 32.9% for H-type firms 
and 28.2% for L-type firms. When the shock is unanticipated, these aggregate revenue contractions deepen to 35.1% and 30.5%, 
respectively. Therefore, the ability to foresee the policy shock affords firms a meaningful margin for intertemporal optimization: 
by reallocating operational resources in advance of the shock’s arrival, both firm types are able to partially mitigate its adverse 
aggregate impact.

6.4. The welfare impact

We conclude the quantitative analysis by evaluating the impact of the regulatory shock on welfare of domestic game app players, 
measured by the inclusive value derived from the logit demand system. Table  10 presents the welfare implications under both the 
baseline scenario with proactive response and the counterfactual without such response. Taken together, Tables  9 and 10 reveal 
an economically consequential divergence between firm payoffs and domestic consumer welfare: the very mechanism that enables 
firms to cushion the aggregate revenue blow of the shock simultaneously inflicts a disproportionately larger welfare cost on domestic 
consumers.

While a proactive response allows firms to limit their total revenue losses, this intertemporal optimization is achieved at the 
expense of a substantial welfare loss for domestic consumers. Under the baseline scenario, the total two-period inclusive value 
contracts by 40.8%, a considerably steeper decline than the 32.7% contraction observed in the counterfactual without proactive 
response.

The mechanism underlying this divergence operates through two reinforcing channels. The first is a direct anticipatory channel. 
Because firms fully foresee the period 2 shock, they proactively redirect their operational resources toward foreign markets as 
early as period 1. As a consequence, domestic consumers suffer an immediate welfare loss of 14.7% in the first period, before the 
regulatory contraction even materializes. In the counterfactual without anticipation, period-1 welfare remains entirely unaffected, 
as firms continue to optimize their domestic investments as they would in the absence of any shock.

The second channel is an indirect compounding effect that propagates through the dynamic user-accumulation mechanism. The 
proactive withdrawal of operational resources from the domestic market in period 1 reduces the stock of domestic users entering 
period 2, which substantially reinforces firms’ incentive to reallocate operational resources abroad in this period. As a result, the 
period 2 inclusive value declines by 61.7% under the baseline scenario with proactive response, noticeably exceeding the 58.0% 
contraction observed in the unanticipated case.

In sum, firms’ anticipation and proactive responses increase the welfare loss of domestic game players by approximately 8 
percentage points, expanding the decline from 32.7% to 40.8%. Of this difference, approximately 1.8 percentage points (accounting 
for approximately 20% of the gap) are attributable to the indirect effects generated in the second period by firms’ proactive 
responses—specifically, the erosion of domestic user base in the second period.

7. Conclusion

In 2018, China’s game app sector was subject to two major regulatory shocks: an unexpected nine-month suspension of game 
license approvals and the announcement of forward-looking regulations aimed at curbing teenage gaming addiction, including 
15
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stricter restrictions on license approvals. Both shocks significantly dimmed the future growth prospects of China’s game app market. 
By comparing China’s game app exports with those of other app categories and with the game app exports of other countries before 
and after 2017, this paper shows that these regulatory shocks unintentionally, dramatically, and immediately boosted China’s game 
app exports. This empirical finding demonstrates a (dynamic) cross-market interdependence within the digital industry.

A comparison across export metrics reveals an important asymmetry: while the regulatory shock produced a relatively modest 
increase in new downloads, it generated a substantially larger effect on the install base—the accumulated stock of retained users. 
This implies that the export expansion was driven by a significant reduction in uninstallation rates, suggesting that firms redirect 
post-launch investments toward sustaining and deepening foreign user engagement.

The export expansion was driven almost entirely by the extensive margin: an increase in the number of apps reaching foreign 
markets. The apps already established abroad prior to the shock made a significant contribution. Moreover, the expansion was 
broad-based, extending across the full performance distribution from top-ranked to lower-ranked apps alike. At the firm level, 
higher-quality firms, with demonstrated competitive strength in both home and foreign markets prior to the shock, were significantly 
more responsive than their lower-quality counterparts.

To formalize these mechanisms and rationalize the observed export dynamics, we develop a two-period framework of dynamic 
customer accumulation subject to resource constraints. We characterize each app by a fixed intrinsic quality and an endogenous 
augmented quality. Intratemporally, firms divide their fixed capacity between home and foreign markets to elevate augmented 
quality to acquire customers. Intertemporally, the model assumes that a larger accumulated user base in the preceding period 
organically boosts current augmented quality and facilitates further user expansion. As the regulatory shock fundamentally erodes 
future domestic market potential, firms proactively reallocate their limited capacity toward international markets immediately, 
thereby fueling the surge in exports. Since post-launch investments and app intrinsic quality are complementary, higher-quality 
firms are more sensitive to shifts in future market potential. This mechanism generates heterogeneous responses to a common 
shock in a parsimonious way. The calibrated model successfully replicates both the aggregate export responses and the cross-firm 
heterogeneity observed in the data.

Our quantitative analysis further reveals that firms’ proactive behavior materially shapes the aggregate outcomes of regulatory 
shocks. Proactive capacity reallocation partially cushions the revenue blow: under the baseline scenario where firms adjust in 
advance, the total two-period revenue decline is 32.9% for H-type firms and 28.2% for L-type firms. This compares favorably against 
the more severe contractions of 35.1% and 30.5%, respectively, in the counterfactual absent such early responses.

At the same time, due to the front-loading of the reallocation of resources away from the home market, the total two-period 
domestic consumer welfare loss worsens from 32.7% in the counterfactual with no proactive adjustment to 40.8% under the baseline. 
Of this nearly 8-percentage-point gap, approximately 1.8 percentage points are attributable to the indirect effects of firms’ proactive 
adjustments in the second period. These results underscore how firms’ proactive strategies can shape the aggregate impact of 
regulatory shocks.
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