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Abstract

Ad-funded digital platforms systematically under-supply variety relative
to heterogeneous consumer demand. We show that in talent-intensive plat-
form markets, this preference externality [Anderson and Coate, 2005, Berry
and Waldfogel, 1999, Waldfogel, 2003] is amplified by an upstream Bertrand
auction for scarce stars that drives talent wages to their full marginal prod-
uct and forecloses variety-feasible production technologies. China’s 2018 actor
salary cap provides a quasi-experimental shock that breaks the auction. On a
panel of 3,822 streaming dramas, we estimate the pre-cap Bertrand outside-
option intensity at © = 0.998 and the cap-triggered capability accumulation
rate at A = 0.64/yr. The cap-induced variety expansion contributes 60% of
post-cap consumer-side log-sum-exp utility; a structural counterfactual yields
RMB 10-20 billion in averted iQIYT losses. The welfare gain operates primarily
through consumer variety, not through wage redistribution—a Kaldor-Hicks
improvement in a tournament-input platform market.
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1 Introduction

Why does ad-funded streaming under-supply variety? A long literature
on media markets establishes that ad-funded entry under-supplies variety relative to
first-best when consumer tastes are heterogeneous [Spence, 1976, Mankiw and Whin-
ston, 1986, Anderson and Coate, 2005, Berry and Waldfogel, 1999, Waldfogel, 2003,
Aguiar and Waldfogel, 2018]. The mechanism is a preference externality: producers
maximize aggregate viewership, not utility-weighted attention, so the minority taste
is systematically underweighted. This paper argues that in talent-intensive platform
markets, the preference externality is amplified by an upstream Bertrand auction
for scarce stars whose welfare consequences are first-order and structurally identi-
fiable. We show this empirically using a quasi-experimental policy shock—China’s
2018 actor salary cap—in the world’s largest streaming market by audience size, with
annual revenue exceeding RMB 80 billion across the three major platforms by 2018.
The Chinese setting is unusually clean: a public, enforceable, dated regulatory in-
tervention from a major emerging-market regulator that breaks the auction without
otherwise altering the underlying demand-side environment.

The mechanism in three steps. First, under Bertrand competition for scarce
traffic stars, the wage is bid up to the star’s full value-added: W = V,. Second, this
collapses Nash bargaining between platform and talent (v, = w(1-V,/V,) = 0): the
platform extracts zero residual surplus from any in-house project, so all production
routes to the buy regime where the producer is an external studio. Third, since the
external studio’s budget is exhausted by the star wage, only formats that justify
a top-star investment (idol/traffic dramas serving the majority taste) are feasible;
narrative- or quality-led variants are foreclosed by budget arithmetic. The Nash
equilibrium is a unique monoculture even when every party recognizes it as inefficient:
five reinforcing forces hold the equilibrium in place—an ad-revenue technology that
loads concentration on the top decile of star input; procurement-side risk aversion
that tilts platform buyers toward bankable cast [Holmstrom, 1979]; a platform-level
subscriber-acquisition race that subordinates single-project ROI to long-run market-
share growth [Sutton, 1991]; superstar tournament dynamics that make unilateral
exit unilateral surrender [Rosen, 1981 Adler, 1985, Frank and Cook, [1995]; and the
budget-arithmetic exclusion that renders narrative production infeasible once the
star wage absorbs the residual. The cap operates on the last force directly and
unwinds the other four because they were sustained by the same Nash equilibrium
with no enforceable exit.



The 2018 cap as commitment device. In September 2018, Chinese regulators
imposed binding restrictions on actor compensation, subsequently clarified to require
that total actor pay not exceed 40% of total production cost (C1) and that lead-actor
pay not exceed 70% of total cast compensation (C2). The three major platforms
(iQIYI, Tencent Video, Youku) had attempted a private non-bidding-war agreement
in mid-2018 that failed enforcement within months—consistent with a coordination-
failure [Cooper et al), 1990, Greenwald and Stiglitz, 1986] resolved only by public
regulation. The cap is best read not as wage control in the narrow sense, but as
a public commitment device that achieves what private antitrust cannot: it breaks
the Bertrand auction by removing the star’s outside option in streaming, restores
positive platform surplus, and unlocks the variety-feasible production technologies
that were budget-foreclosed before.

What we estimate. We build a structural model that takes the consumer-demand
side from Berry et all [1995], Nevg [2001] BLP random-coefficients, the talent- market
wage formation from Nash bargaining [Ho and Lee, 2017], and a project-level endoge-
nous make-or-buy regime that closes the producer’s choice problem. Five primitives
identify the equilibrium: the BLP preference coefficients, the Nash bargaining weight
w, the Bertrand outside-option intensity ¢, the make-buy cost wedge Ak, and the
cap-triggered capability-accumulation rate A. We estimate them sequentially on a
panel of 3,822 streaming dramas (2017-2025) using w identified from N = 10 dis-
closed iQIYT projects, ¢ and Ax from the year-by-year make-share trajectory, and
the actor career-path Bellman from a Hotz- Miller two-step CCP procedure.

Headline estimates and their welfare implications are reported in the abstract
and developed in detail in Sections fj and

Contributions and connection to the literature. First, we extend the preference-
externality framework of Anderson and Coate [2005] and the free-entry-inefficiency
results of Spence [1976], Mankiw and Whinston [1986], Berry and Waldfogel [1999]
to a setting where the variety bias is amplified by an upstream tournament-input
mechanism absent from the standard two-sided platform framework of Rochet and
Tirold [2003], Armstrong [2006]. Second, we connect the superstar-rent literature
[Rosen, 1981, Adler, 1985, Frank and Cook, [1995] and the sports salary-cap litera-
ture [Dietl et all, 2012, Kahn, 2007] to the welfare implications of content-platform
wage regulation, quantified on a 3,822-drama panel [Berry et al), 2019]. Third, we
provide the first structural identification of ¢ and \ as separately identified primi-
tives in a make-or-buy framework, complementing Crawford et al, [2018]. Fourth, we
link the public-commitment-device interpretation to the coordination-failure litera-




ture [Cooper et al., 1990, Greenwald and StiglitZ, 1986, Athey and Bagwell, 2008]: a
single upstream price intervention simultaneously relaxes five reinforcing forces that
no private commitment would have unwound.

Roadmap. Section @ describes the industrial setting and data; Section H docu-
ments the four-fact equilibrium transition. Section W specifies the structural model,
and Section i estimates it sequentially: demand, platform Nash bargaining, the en-
dogenous make-or-buy regime that identifies the Bertrand-amplification primitive ¢
and capability-decay rate A, director entry, and actor career choice. Section f reports
the accounting and structural counterfactuals. The matching validation, structural
robustness, and alternative-explanation robustness are in the appendix; the struc-
tural estimation code, fitted figures, and a companion theory-model memo are in the
replication package.

2 Setting and Data

2.1 Industry Setting and the 2018 Salary Cap

The Chinese long-form video streaming market is a concentrated oligopoly: iQIYI
(Baidu), Tencent Video, and Youku (Alibaba) account for the bulk of paid sub-
scribers and content spend, with Mango TV (Hunan Broadcasting) as a smaller
fourth player included as a robustness control. Adjacent media—broadcast televi-
sion and theatrical film—supplied much of the experienced production talent during
2017-2022. Short-form video (ByteDance’s Douyin) expanded domestic DAU from
~ 30M in 2017 to > 750M by 2022 (Figure [If), placing parallel pressure on the
long-form attention budget.



Long-Form Squeeze: Short-Form Attention Growth vs.\ iQIYT Subscriber Plateau
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Figure 1: Long-form squeeze: Douyin DAU vs. iQIYI subscribers, 2017-2022.
Sources: ByteDance disclosures, QuestMobile reporting, iQIYT Form 20-F filings.

The 2018 salary-cap policy. On 11 September 2018, the State Administration
of Radio and Television and the All-China Federation of Radio and Television is-
sued “Opinions on Further Strengthening the Management of Television Drama and
Online Audio-Visual Programs.” A November 2018 clarification translated the an-
nouncement into two hard ceilings binding on all streaming-drama productions:

C1 W, <0.40-C; (total-cast cap: < 40% of production cost).
a€A; J

C2) maxgea, W, < 0.70 - e a. Wor (lead-actor cap: < 70% of total cast
J a’€A;
compensation).

Together these bind top-star compensation to 0.40 - 0.70 = 28 percent of production
cost, against the 50-70 percent share top stars routinely absorbed pre-cap. The
policy applied to commissioned productions and acquired licenses alike, enforced
through SART’s broadcast-license approval channel. We use the September 2018
announcement as the policy cutoff; the post-cap indicator equals one from 2019
onward to accommodate the typical 12-18-month production cycle.

2.2 Data Sources

Table El lists the data sources and the analyses each supports.

6



Table 1: Data Sources

Source Coverage Content Used in
Yunhe & Douban 2017- Drama-level: Douban score, 30- Demand estimation;
drama panel 2025 day views, episode count, genre, reduced-form DiD; vari-
cast (top-5 billed), director, ety diagnostics
platform
Douban filmogra- 1997— Director-year credits across Director-entry DiD (co-
phy 2026 film, TV, and online; debut hort definition)
year, work counts, rating-class
iQIYI Form 20-F 2016— Annual revenue, cost of rev- 7, counterfactual;
filings 2022 enue, subscribers, operating in- structural-break test
come; revenue decomposition
(ad / membership / content dis-
tribution / other)
iQIYI internal  2015— Per-drama cost decomposition Per-drama Wpdmma and
nexus panel 2030 (content cost, lead-actor cost, actor-cost-share cross-
(pipeline) marketing cost), revenue de- check
composition (subscription, ad),
make-or-buy status
Endata brand- 2017- Drama-level brand-count and Channel-bifurcation evi-
sponsorship panel 2023 brand-exposure-time, by quar- dence
ter
iQIYI pipeline an-  2015— Announced project counts, lead Lead-pool  expansion;
nouncements 2025 actor mentions per announce- vertical-integration evi-
ment, in-house vs. acquired sta- dence
tus
Endata brand en- 2016— Actor-year endorsement con- Actor reorganization
dorsements 2024 tracts and quantities (substitution to en-
dorsements)
Netflix Form 10-K 2014 Annual revenue and cost of rev- US  benchmark  for
filings 2022 enue structural-break test
Douyin domestic 2017— Year-end domestic daily ac- Industry-context figure
DAU 2022 tive users (round-number check-

points from ByteDance corpo-
rate disclosures and QuestMo-
bile reporting)

Notes: All sources are publicly available filings, licensed industry panels (Yunhe, Douban, Endata),
or downloaded SEC filings. Replication materials available from the authors upon request.
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2.3 Sample Construction and Treatment Variables

Drama-level sample. The estimation sample is the 3,822 Chinese-language drama
series in the Yunhe-Douban panel with release year in {2017, ...,2025}. Yunhe Data
provides a standardized 30-day viewership measure comparable across platforms; we
use log V3 as the audience-side demand outcome. Douban provides user scores on a
1-10 scale (N = 2,394 rated dramas) and the binned rating-class proxy (allstar00-
allstar50) for unrated dramas. Cast information is restricted to the top-five billed
actors per drama; billing order is recorded.

Director cohort. For the director-entry DiD of Section El!, we construct a 1,045-
director cohort from the Douban filmography panel, selecting individuals with at least
two directing credits recorded for year < 2017. The pre-2017 threshold predates the
cap announcement (September 2018) by enough margin that cohort selection cannot
be influenced by anticipation.

Actor value added. Actor-level value added is the billing-order-weighted average
of year-demeaned Douban scores (rating-VA) and log 30-day viewership (views-VA)
from the actor’s prior works. The pre-2018 max over the top-five billed actors enters
BLP demand (Section p.1)) and the actor career model (Section @) Construction
details in Appendix [B.

2.4 Summary Statistics

Table E reports summary statistics for the core variables across drama outcomes,
actor work performance, and collaboration quality.



Table 2: Summary Statistics: Drama-Level Sample

N Mean Std. Dev. Min Max

Panel A: Drama-Level Outcomes (unit: drama series)

Douban Score 2,394  6.168 1.432 2.100 9.600
Douban Score Percentile 2,394  50.940 28.931 0.342 100.000
Log(Views, 30-day) 3,808 14.161 2.574 8517  19.296
Episode Count 3,822  30.141 13.469 1.000 160.000
Award-Winning Drama 3,822 0.056 0.229 0.000 1.000
Panel B: Actor Work Performance (unit: actor x drama appearance)
Attention Index (A, 30-day) 44,867  1.965 1.328 0.033  12.965
Douban Score Percentile 35,795 53.891 29.455 0.342 100.000
Award-Winning Record 44,937  0.122 0.328 0.000 1.000
Panel C: Collaboration Quality (unit: actor X drama appearance)

Director VA, Rating 27,491  0.175 1.139 —3.415 3.394
Director VA, Views 28,921  0.813 1.536 —6.943 3.962
Actor VA, Rating 35,573  0.091 0.995 —3.795 3.655
Actor VA, Views 36,597  0.400 1.394 —6.812 4.583

Notes: Drama-level sample includes 3,822 series released during 2017-2025. Douban-
related variables have fewer observations because not all dramas receive Douban rat-
ings (N = 2,394 with Douban data). Actor-level sample is restricted to Top Stars
(has_top_star = 1) or non-Top-Star actors with billing order < 5, yielding N = 44,937
actorxdrama observations, 5,415 unique actors, and 3,359 unique dramas. VA denotes
the value-added index (standardised residual from the annual mean).

Missing Douban ratings are not random—a score is typically shown only after
> 500 user ratings, so missing values concentrate in the lower-exposure tail. We
interpret Douban-based results with caution and complement with view-based out-
comes plus controls for exposure.

3 Empirical Motivation

The 2018 cap arrived at a moment of escalating price-war intensity: iQIYI’s content-
cost-to-revenue ratio rose from 101.8% in 2016 to 108.6% in 2018 (Figure E), the
implied firm-level content-margin proxy 7,; = 1 — Cost;/Revenue; fell from —1.8%
to —8.6%.E Three forces sustained the deterioration: a winner-take-most advertising

159,+ can take negative values when content cost exceeds revenue, which is what happened
pre-cap. It is a firm-level accounting proxy that captures the structural bilateral bargaining share



tournament (top-10 dramas absorbing ~ 70% of brand-exposure time); short-form
attention substitution (Douyin DAU 25x); and failed private coordination—the three
platforms signed a “no-bidding-war” letter in mid-2018 that was promptly violated.
The September-2018 cap supplied the binding commitment the platforms could not
implement privately. Post-cap, 7, reverses monotonically to +23.0% by 2022.

iQIYI Platform Margin Trajectory, 2016--2022
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Figure 2: iQIYI content-cost-to-revenue ratio, 7, ;, and operating margin, 2016-2022.
Vertical dashed line: September 2018 cap announcement. Source: iQIYT 20-F.

The evidence below establishes three reduced-form facts disciplining the struc-
tural model: (i) the post-cap market draws on a substantially expanded supply of
directors with substantive pre-policy credentials (Section B.1f); (ii) high-reputation
incumbent actors substitute toward endorsement income; and (iii) the platform busi-
ness model pivots from advertising to subscription.

3.1 Director Entry and Content Quality

From an actor pay cap to a director-entry response. The salary cap is,
on its face, a price ceiling on the wages of one specific factor (above-line actors).
It is not a priori obvious why such a wage ceiling should generate a measurable

vum € [0,w] plus firm-overhead burden (SG&A, leverage); see Section @ for the formal distinction.
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response in the participation of an adjacent and ostensibly unconstrained factor (di-
rectors). The mechanism that links the two operates through the complementarity
between star compensation and the rest of the production budget within a given
drama. Pre-cap, top traffic stars routinely commanded 50-70 percent of a drama’s
total production budget, censoring the residual budget below the threshold required
for non-star inputs (ensemble cast, period sets, location work, post-production) that
characterize the 1IERE tradition (crime, mystery, history, narrative drama). By bind-
ing the star-cost line item to 40 percent of total production cost (Section @), the cap
mechanically expands the non-star budget and restores the production technology
for these genres. The empirical question is then twofold: who enters streaming when
this happens, and what quality of content do they produce?

This subsection answers the second question, which is the welfare- relevant one.
On the first question (the extensive margin), the cohort of 1,045 pre-2017-credentialed
directors splits roughly 91 percent treated to 9 percent incumbent on the 2018-
presence margin; the probit MLE of Section @ identifies the post-cap entry differ-
ential (S1veatea = —1.01 on the probit index, —22.6pp average marginal effect). We
refer to these two groups below as “entry” directors (no streaming dramas in 2018,
n = 953) and “incumbent” directors (> 1 streaming drama in 2018, n = 92).

Cross-section: do entry directors produce higher-quality streaming con-
tent? We first ask whether, among post-cap streaming dramas, those directed by
entry-margin directors carry higher Douban scores than those directed by incum-
bents. We estimate

DOU.banj =+ B Entryd( ) + X I'+ 5year + Hgenre(5) + Vplatform(5) + €js (1)

on the sample of 608 post-cap (2019-2022) streaming dramas with director identifier
in the cohort and a Douban score. X includes episode count and award indicator;
standard errors are clustered at the dlrector level. Panel A of Table j 3 reports the
result. Without controls, entry directors’ dramas score 6 +0.312 Douban points
higher than incumbents’ (SE 0.143, p = 0.029). Adding release-year, genre, platform,
episode-count, and award controls reduces the point estimate to +0.184 (p = 0.137);
the direction is unchanged, with year-and-genre fixed effects absorbing approximately
40 percent of the raw gap. We read the controlled specification as the lower bound
of the entry-director quality premium.

Within-director: how do entry directors’ streaming dramas compare to
their own pre-2017 work? A second test asks whether entry directors are pro-
ducing streaming content that is recognizable as quality work relative to their own
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pre-2017 filmography (in television, theatrical film, and lower-budget online pro-
ductions, as recorded in the Douban filmography panel of Section @) The naive
within-director comparison is informative but mechanically biased: streaming dra-
mas systematically receive lower Douban scores than television and film, so any
within-director shift toward streaming-only post-2019 will register as an apparent
quality decline. We net this medium-shift bias out using incumbents as a within-
medium control.

Panel B of Table a reports the raw within-director differences for both cohorts.
Entry directors’ streaming scores (5P = 5.89) are —0.86 points below their pre-2017
work (5P = 6.75); incumbents’ streaming scores (sP** = 5.55) are —1.05 points
below their pre-2017 work (57" = 6.59). The two declines are similar in magnitude,
consistent with the medium-shift bias operating on both groups. Panel C reports
the difference-in-differences:

Sdp = + ﬂcross Entrycl + ﬁperiod POStt + 5DiD (EntI‘Yd X POStt) + Ed,ts (2)

estimated on the long-format director-by-period panel of 301 directors with both pre-
2017 and post-2019 observations. The DiD coefficient is fpip = +0.188 (SE 0.180,
p = 0.29). The direction confirms that entry directors’ streaming work is more
quality-preserving relative to their pre-2017 baseline than incumbents’ streaming
work, but the small post-2019 sample on the incumbent side (n = 68) leaves the
DiD underpowered. The point estimate is consistent with the cross-section result of
Panel A.

Synthesis. The two reduced-form tests together support the interpretation that
the cap admitted a cohort of directors whose content quality on streaming is compa-
rable to, or modestly higher than, their incumbent peers and to their own pre-policy
production records in adjacent media. The cross-section gap of +0.31 Douban points
is statistically significant at the 5 percent level without controls and remains direc-
tionally positive after the addition of genre, year, and platform fixed effects. The
within-director DiD point estimate of +0.19 corroborates the cross-section direction
while being underpowered to reject the null. We refer to the joint pattern as the
director-entry quality channel: the cap’s most welfare-relevant supply-side margin is
not just that more directors entered streaming, but that the directors who did enter
were drawn from the cohort whose pre-policy filmography placed them at or above
the Douban quality distribution of the pre-cap streaming sample.

The structural channel through which the cap produced this quality shift—the
relaxation of the production-cost floor and the admission of narrative-technology

12



producers—is formalized in the producer subsection of Section @ and gives the
substantive content to the Ggirector = 0.15 random-coefficient finding of Section p.1].
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Table 3: Director Entry and Content Quality

Panel A. Spec 1: Cross-section quality, post-cap streaming (2019-2022)

(1) Baseline (2) +Controls

Entry director (3) +0.312** +0.184
(0.143) (0.124)
Mean Douban, entry directors 5.965
Mean Douban, incumbent directors 5.653
Observations (dramas) 608 608
Distinct directors 306 306
Year FE No Yes
Genre / Platform FE No Yes

Panel B. Spec 2: Within-director quality change across the cap

Entry directors Incumbent directors

Mean pre-2017 score (all media, Douban-class approx.) 6.751 6.592
Mean post-2019 streaming Douban score 5.892 5.545
Within-director difference (post — pre) -0.858 -1.047
N directors with both observations 233 68

Panel C. Spec 3: Within-director DiD

Entry x Post (DiD coefficient) +0.188
Cluster-robust SE (director) (0.180)
p-value 0.295

Notes: Panel A regresses drama-level Douban score on an indicator for entry-
margin director on the post-cap sample of streaming dramas with director iden-
tifier in the cohort of Section B.l|. Standard errors clustered at the director level.
Column (2) adds release-year, genre, and platform fixed effects plus episode-count
and award-indicator controls.

Panel B reports the within-director quality change across the cap separately for the
entry-director cohort and the incumbent cohort. The pre-2017 score is the direc-
tor’s mean rating-class (mapped from Douban’s 5-star bin to a 0-10 score via the
linear scaling X X /5) across all directing credits in the director-credit registry; this
includes television, theatrical film, and lower-budget online productions, weighted
by directing-credit count. The post-2019 score is the mean Douban score (0-10)
across the director’s streaming dramas in the drama panel. The Douban-class bin-
ning and the cross-medium scoring conventions together produce a systematic level
gap between rating-class pre-period scores and Douban post-period scores: both
cohorts exhibit a within-director “decline” of 0.8-1.0 points, but this is a measure-
ment artifact of the medium shift, not a director-level quality change.

Panel C reports the within-director difference-in-differences that nets out the
measurement-artifact medium shift using the incumbent cohort as the within-
medium control. The DiD coefficient identifies the differential within-director
quality change of entry-margin directors relative to incumbents across the same
pre-2017-to-post-2019 transition.

¥R, p < 0.10,0.05,0.01.
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Within-actor reorganization. Among 3,298 actors active in both 2017-2018 and
2019-2022, high-reputation actors lose 2.75pp of lead-high share and gain 2.07pp of
lead-low share while endorsement counts rise across all reputation tiers. The within-
actor correlation between endorsement growth and high-quality lead acquisition flips
sign between low/mid- and high-reputation bins, identifying the substitution from
prestigious acting work toward endorsement income at the top. On the director side,
401 of the 487 post-period directors are entry-margin directors, with 92% holding
substantive pre-2017 Douban filmography—reallocating from broadcast television,
theatrical film, and lower-budget online production into streaming rather than en-
tering from outside the industry (Appendix @)

Platform-side channel pivot. Across iQIYI’s announced project pipeline, the
cumulative pool of named on-screen leads widens from 111 pre-cap to 765 post-
cap (687 of the 765, or 90%, entirely new entrants). The sponsorship distribution
bifurcates: the share of dramas with < 5 brands doubles between 2018 and 2022
while the > 50-brand blockbuster tail persists—a low-budget subscription-funded
channel emerging alongside the existing advertising tier (Appendix @1;

4 Model

The model has five agents—consumers, platforms, directors, actors, and advertisers—
in a dynamic game. Each subsection states one agent’s objective, defines its variables,
and points to where its parameters are estimated. Formal payoff matrices and dom-
inance proofs are in Appendix :

4.1 Consumer Demand

Consumers choose at most one drama per market m (release-year); they may also
pick the outside option j = 0. Consumer ¢’s indirect utility from drama j is

Wijm = Xjﬁi + QiPjm + & + €ijm, (g:) = (g) + v, v~ N(07 I)a (3)

where X collects drama characteristics (genre, episode count, director value-added,
and cast reputation, the last entering through top-star popularity Rf’max = MaXgea, RP
and ensemble quality R]Q’ens =D e A, R9); §; is unobserved drama quality; €;;p, is
i.i.d. Type-I extreme value; and (o, 5;) are random taste coefficients with population
means (o, ) and dispersion .
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The price pjy, is the platform’s monthly VIP subscription rate (iQIYI, Tencent
Video, Youku, Mango TV) in market m, varying primarily at the platform x year
level (e.g., iIQIYI VIP rose from RMB 19.8 in 2017 to RMB 30 by 2022). The
empirical specification of Section absorbs pj,, into platform x year fixed effects;
an alternative 2SLS specification is reported in the demand diagnostics.

Output and estimation. Integrating over v; yields shares s; and—via ds;/ORE—
each actor’s marginal revenue contribution V,, the single demand-side input to the
platform—talent bargaining block (Section @) Section @ estimates («, 5,%) by
GMM with BLP competitor-characteristic instruments; cast indices use the actor’s
pre-2018 work history to address casting endogeneity.

4.2 Producer

A producer is a director-led unit indexed by d with type 74 € {idol, narrative} (idol
drama vs. narrative 1Efll—crime, mystery, history). The producer makes two se-
quential decisions: entry, then cast portfolio.

Entry is a binary Entery; € {0,1}: director d enters streaming in year t iff
the expected streaming payoff exceeds the outside option 24, from adjacent media
(broadcast TV, film, lower-budget online):

Wsﬁtry = ]E[(l _")/p,t) ’ S(A;TdaWt)} — Rd, (4)

where S(A}, 74, Wy) = R(57) = Cproa(Ta) —>_, W, is project surplus under the optimal
cast A% (1 — 7p,) is the producer-and-talent residual share after the platform’s

Nash take; and x4 is the director’s streaming-specific fixed entry cost. With z4; =
ﬂZﬁtry — Q¢ and €44 ~ N(0,02),

Pr(Enterg; =1 | Fap) = (@> ) (5)

O¢

estimated by MLE in Section @ Wflf;try > (24, is the director’s incentive-compatibility
(IC) constraint. The cap shifts z4, through two channels: ~,; rises from 0 (Bertrand)

to w(1—dg/V,) (Nash), raising the producer-and-talent share; and the residual non-
cast budget B—W* expands until it covers the narrative non-cast cost Chroda(narrative) =
¢, an IC flip that admits narrative-type directors who optimally stayed out pre-cap.
The second channel dominates empirically: 401 of 487 post-cap directors had sub-
stantive pre-2017 filmography but no 2017-2018 streaming credit (Section @)
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Conditional on entry, the producer picks cast A; to maximize residual surplus
subject to the two-tiered cap:

max (1= ,) | R(s(4))) = Conoa(7a) = Len, Wi "
S.t. ZCLEAJ' W; S Wtotal (Cl), W; S ‘/T/jnd Va (CQ)

where R(s;(A;)) is per-drama BLP revenue; W, is the bargaining wage from Equa-
tion (), C1 caps total cast compensation at 40% of production cost; C2 caps any
individual lead at 70% of cast compensation. The FOC with multipliers ,ufl, uS? >0
is

L{W, = Wina}. (7)

(1= 7py) (% - ggji) = 5 g% + Mo
Marginal revenue from raising R2 (left, scaled by 1 — ~,;) equals marginal cost on
the constrained margins (right). Pre-cap, both constraints are slack and the FOC
reduces to the unconstrained optimum; under Bertrand, W* — V, leaves rents with
the star. Post-cap, the Nash wage W* = (1 — w)V, + wdg sits empirically below the
cap (Section §.4), so C1 and C2 remain slack: the cap reshapes cast portfolios by
switching the upstream bargaining regime, not by directly binding.
The entry probit is estimated by MLE in Section p.4; the cast program is not
separately estimated—it plugs in V, and W* as exogenous inputs and verifies con-
sistency of observed cast composition with the interior solution (Section p.2).

4.3 Actor’s Career Path

Actors are forward-looking and choose each period a single role tier; reputation,
wages, and endorsements follow from that choice. An actor in state Sy, = (R, RE)
(quality- and popularity-reputation stocks) chooses a role Role; from {lead high,
lead low, supporting, idle} by solving

V(Su) = Iélo?g;{w;t(Rolet, Sut) + (RS, RE) + BE[V(Suss1) | Sars Role]},  (8)

with Rf, . = (1 —0x)RE, + fr(Role;) +nf, for k € {Q, P}. The actor trades current
income against reputation investment: high-visibility leads build R”, narrative leads
build R¥.

The flow wage W, is not free—it is the equilibrium output of Section @, eval-
uated at the actor’s state and role:

. {Va(sat; Role;) (pre-cap Bertrand, Eq. ()),
at —

9
(1 — w)V,(Sat, Role;) +wdg  (post-cap Nash, Eq. (@)) ®)

17



The role choice enters V, through drama-side characteristics (genre, budget, ensem-
ble) via BLP-implied 0s;,,/ORY. Endorsement E,; (R, RT) is a passive flow in both
reputation stocks; we do not model an endorsement capacity constraint, a limitation
we return to.

Section @ estimates (0g.dp, fo, fp, E) by two-step CCP [Hotz and Miller|, 1993,
Arcidiacono and Millen, 2011], plugging in W from the Nash branch. The cap
lowers W, along the popularity dimension via the Bertrand-to-Nash switch, and the
model predicts top-tier actors reallocate from lead high toward lead low, verified
as moment M6 in Section p.G.

4.4 Platform and Talent: Nash Bargaining

Each platform k£ commissions a portfolio J;; in year ¢t with profit

Uy = Z [(AtARPUadv,t +(1- )‘t)ARPUSUb’t)Mt Sjt Cjt] = Fi
JETkt

Cit = Chroaj + Y Wa. (10)

CLEAJ'

where \; € [0, 1] is the ad-vs-subscription revenue mix, M; market size, s;; drama
share, and Fj; overhead. The cap touches only the wage bill > W,; the rest of this
subsection characterizes the two bargaining regimes.

Both regimes are anchored to the demand-derived value-added:

Va = Em[()\tARPUadv,t + (1 - )\t)ARPUsub,t)Mt ' AS]m<R5” ) (11)

where Asj,,(RY) is the BLP share elasticity to swapping actor a for the next-best
alternative. V, is the platform’s reservation wage; what is actually paid depends on
the bargaining mechanism.

Pre-cap, K > 2 platforms could bid any wage. Standard Bertrand undercutting
drives the equilibrium wage to its ceiling,

errtrand — Va- (12)

so the platform’s share is ~yBertrand

o = 0. Top stars empirically absorbed 50-70%
of production cost; iQIYI’s accounting residual 7,018 = —8.6% reflects fixed and
leverage costs (F' + L)/R on top of the bilateral v, = 0 (Section @) w does not
enter: the auction mechanically pins W = V.

The cap W < Wingq < V, breaks the auction’s enforcement chain—the rival cannot

pay V, either—collapsing the regime to bilateral Nash bargaining. The same switch
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realizes in production mode: pre-cap, platforms license (buy) finished shows whose
external studio internalized the auction (V, passes through as license fee); post-cap,
they shift to in-house production (make) and contract directly at the Nash wage.
iQIYT’s in-house share rises to 81% by 2022 (Section @), we treat make-or-buy as
the upstream realization of the same regime switch.

Platform bargaining weight w € (0, 1); disagreement payoffs are dp = 0 and dg
(star’s non-streaming alternative income). The Nash problem is

% w 1—w
W7 = argms (Ve ~ W) — [ — dg)" ™ 13)
with FOC p
wr = (1—-w)V, + wds, Y, = w(l — VS) . (14)

The wage is a w-weighted convex combination of dg and V,. We estimate & = 0.77
from post-cap disclosed cost-share data (Section @), platforms capture ~ 77% of
the bargainable surplus post-cap.

We treat w as an exogenous primitive summarizing platform patience, market
concentration (three to four majors), and post-cap in-house production capability;
pre-cap data cannot identify it because the Bertrand auction makes it irrelevant. We
assume w is cap-invariant: the cap shifts the protocol (auction — Nash), not the
bilateral weight within Nash.

Within Nash, the cap is empirically slack: at @ = 0.77 and dg/R; = 0.04,
W* ~ 0.146 R; vs. the cap Wina/R; = 0.216 (N = 10 disclosed subsample). The cap
binds only as a regime-switching mechanism.

To summarize the two regimes:

Regime Wage W, Platform share 7, Who wins

Pre-cap Bertrand V., 0 Star takes all
Post-cap Nash (1-—w)Votwds  w(l—ds/V,) Platform takes w ~ 77%

Two outputs feed downstream: +, enters the producer’s entry payoff (Section @),
and W} enters the actor Bellman (Section @ . Section @yiden‘ciﬁes w from the
post-cap non-binding subsample via Equation (@)

Scope: 7, is the platform’s share of the bilateral lead-actor surplus on one drama;
it is not iQIYT’s firm-level accounting residual 7, = 1 — Cost,/Revenue;, which nets
out the full content-cost stack. The model’s empirical traction is the wage equation,
not the firm margin trajectory; the 7, reversal in Section is a consistency check.
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Pre-cap equilibrium and transition. At @ = 1, the Bertrand auction pins
W* =V,, yu = 0, and narrative production is technologically infeasible—the unique
single-content fixed point. The cap is a public commitment device: it severs the
Bertrand fallback, restores 5, > 0, frees the residual non-cast budget, and triggers
the capability-accumulation path Ax(t) = Arge *=20189)  vielding a multi-content
post-cap equilibrium with both channels. Formal payoff matrices, dominance proofs,
and a stage-by-stage walkthrough are in Appendix @

5 Estimation and Model Fit

The structural model of Section @ is estimated as a sequential pipeline of five steps.
Each step takes the previous step’s output as input; the final step reports model fit.
Before turning to the pipeline, we summarize how the model’s agents interact within
each year, since the estimation steps below recover parameters governing each piece
of this sequence.

Annual timing convention. Within each year t, decisions unfold in the following
order:

Stage A. The cap is in force and the platform—talent bargaining regime is Nash (Sec-
tion @j); the pre-cap Bertrand auction is no longer enforceable.

Stage B. Each candidate director d decides whether to enter streaming, Entery; € {0,1}
(Equation ().

Stage C. For each (drama, candidate actor) pair (j, a), platform and actor compute the
bilateral Nash wage W = (1 — w)V, + wds (Equation ()) WZ is drama-
specific because V, depends on R and on drama j’s share elasticity.

Stage D. Given the wage schedule {W*},, each entered director picks her cast port-
folio A; to maximize the producer-and-talent residual surplus subject to the
cap constraints (Equation (E)) This is one-sided portfolio selection at given
wages—a single drama hires several actors simultaneously, each at her bilat-
erally bargained wage. There is no explicit market clearing across dramas; a
top star could in principle appear in multiple dramas in the same year. This
abstraction sets aside the single-tour-per-actor capacity constraint that holds
in practice.

Stage E. Each actor a, taking the realized role offer as given, chooses her career-path
role Role; € {lead_high,lead_low, supporting, idle} to maximize the Bellman
value of Equation (§).
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Stages B-E repeat in ¢t + 1 with updated reputation stocks S,+y1 and policy
variables vy, 111, Adey1.

Estimation pipeline.

1. Demand (Section @) BLP — (o, 8,%,&;) and V, via Equation (EI) This is
the consumer-side input feeding all subsequent steps.

2. Platform Nash bargain (Section @) given V, and post-cap non-binding wage
data, recover w (Stage C primitive) from Equation ()

3. Endogenous make-or-buy and the Bertrand channel (Section ): given @ and
the project panel, identify the pre-cap outside-option intensity ¢ and the ca-
pability decay rate A from the level and slope of the iQIYT yearly self-produced
cost share.

4. Director entry (Section @) MLE on binary-choice Equation (B) for the kq
distribution (Stage B primitive).

5. Actor’s career-path CCP (Section @) plug W, from Equation (@) into the
Bellman; estimate flow utility by Hotz-Miller (Stage E primitives).

6. Goodness of fit (Section @) six moments covering demand fit, cross-agent
qualitative predictions, and the Bellman-implied actor career-path substitu-
tion.

The producer’s cast-portfolio decision (Equation (B)) is not separately estimated:
at @0 = 0.77 the Nash wage sits below the cap for every drama in our sample, so the
cap shadow prices u?l = ,uaC? = 0 throughout. The cap reshapes cast portfolios
through the upstream regime switch (Section Y.4)), not by binding the constraint
inside the Nash regime.

5.1 Demand

We estimate the BLP demand system of Equation (B) on the drama panel, with
dependent variable log(s;:) — log(so:), s+ drama j’s 30-day Yunhe playback share in
release year t, and outside share defined by M; = 4> i v?? . Cast composition and
unobserved quality §; are jointly endogenous: platforms cast top stars when their
prior on §; is high. We address this by using predetermined cast characteristics
frozen at end-2017,

VA, = aerggs%j) VAgf <om7 for X € {views, rating},
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plus director VA at release. Because VA is frozen before the September-2018 cap,
the VA x Post interaction identifies off policy timing, not post-policy casting.
Table @ reports four columns of the predetermined-VA logit. Three results recur.
First, director VA dominates: a unit increase in director views-VA raises log relative
share by 0.46 (col. 1) with rating-side coefficient 0.23, both robust to writer VA
(col. 2). Second, pre-2018 actor VA is near zero and insignificant in the baseline—in
contrast to the strongly positive contemporaneous-VA coefficient, exactly the casting-

selection pattern. Third, under Post, = 1{t > 2018} (col. 3), the VA" X Post
interaction is precisely positive: audiences continued to reward star power post-cap.
The cap therefore did not shift viewer tastes; its effects operate through the supply
side of Section {.

Table B extends to a random-coefficients BLP [Berry et all, 1995]. The mean pref-
erence for pre-2018 star VA is 3, = +0.248, roughly half the +0.513 contemporaneous-
logit estimate—the predicted attenuation. The key BLP diagnostic is heterogeneity:
on director VA, Ggir views = 0.153, against near-zero ¢ on star VA. Consumer hetero-
geneity loads on the director margin, consistent with post-cap content being staffed
by entering directors with pre-policy credentials (Section B.1l).

Two outputs feed downstream: BLP coefficients (@, B, i, g]) pin down predicted
shares s;, and per-drama actor marginal revenue V, = Sy., - RY - R; (Equation ())
enters the platform-talent bargaining step of Section é
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Table 4: Predetermined-VA Logit Demand

(1) (2) (3) (4)

Star VA, views (pre-2018) max;  0.040  -0.064 0.124**  0.016
(0.113)  (0.244) (0.022) (0.124)

x Post 0.222*  0.236  0.124**  (0.247*
(0.118)  (0.249) (0.022) (0.130)

Star VA, rating (pre-2018) max; -0.121  -0.167  0.004  -0.157
(0.099) (0.213) (0.019) (0.110)

X Post 0.140 0.147 0.004 0.162
(0.107) (0.217) (0.019) (0.117)
Director VA, views 0.465*** 0.408*** 0.465™** 0.495***
(0.040) (0.051) (0.040) (0.042)
Director VA, rating 0.231** 0.150*** 0.231*** 0.256***
(0.040)  (0.050) (0.040) (0.043)
Writer VA, views 0.329***
(0.045)
Writer VA, rating 0.045
(0.047)
Award-winning drama 0.416** 0.371*  0.409** 0.375**
(0.183)  (0.221) (0.185) (0.184)
Episode count 0.009*  0.013** 0.009* 0.010*
(0.005) (0.005) (0.005) (0.006)
Genre FE Yes Yes Yes Yes
Platform FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 1,580 898 1,580 1,461
R? 0.376 0.413 0.375 0.390

Columns. (1) Baseline. (2) Adds writer VA. (3) Cuts the Post threshold at 2018
instead of 2019. (4) Excludes revenue-sharing (fenzhang) dramas.

Dependent variable: log(s;) —log(so) from a Berry-1994 logit inversion, market
= release year, outside share fixed at 0.75. Star VA variables are frozen at the
actor’s pre-2018 work history, removing the post-policy casting-selection channel
from identification.

Post is 1{release year > 2019} in columns (1), (2), (4) and 1{release year >

2018} in column (3). Standard errors clustered by director-ID in parentheses. *,
e p < 0.1,0.05,0.01.
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Table 5: Demand: Plain Logit vs. BLP

(1) Plain Logit (2) Random-Coef. BLP

Panel A: Mean preference parameters (3

Star VA, views (pre-2018) max; +0.513*** +0.248
(0.059)

Star VA, rating (pre-2018) max; -0.068 +0.004
(0.053)

Director VA, views — +0.453

Director VA, rating — +0.226

Episode count +0.017** +0.009
(0.007)

Award-winning drama +0.584*** +0.402
(0.185)

Panel B: Random-coefficient standard deviations o

o on Star VA, views (pre-2018) — 0.000

o on Director VA, views — 0.153

Inside observations 1,188 1,188

Outside share (assumed) 0.75 0.75

Genre / platform / year FE Yes Yes

Notes: Both columns invert market shares using a Berry-1994 outside-good formula-
tion with market = release year and outside share fixed at 0.75. Column (1) is the
plain conditional logit estimated by OLS on log(s;) —log(so), with HC1 standard errors
in parentheses. Column (2) is the random-coefficients BLP from Berry et all [1995]
estimated by GMM with R = 200 Monte-Carlo draws on the random-coefficient dimen-
sions; the inner BLP contraction is run to tolerance 10712 at each candidate o, and the
outer GMM objective is minimized over the two-dimensional o vector by Nelder-Mead.
Asymptotic standard errors for the BLP step are not reported in this draft and are
planned in the next revision.

Reading: The structural step delivers two findings that the plain logit cannot. First,
the mean preference for pre-2018 star value-added (3 on star VA, views) is identified
at +0.248 once the contemporaneous endogeneity of casting is controlled for via the
predetermined-VA restriction (cf. logit 8 = +0.513 on the contemporaneous, endoge-
nous counterpart). Second, the random-coefficient standard deviation on director VA
is large and economically significant (¢ = 0.153), while the corresponding & on star
VA is essentially zero, indicating that demand heterogeneity operates on the director
margin rather than the star margin. This is the demand-side discipline that justifies
allocating the post-cap reorganization to the producer and bargaining modules of the
structural model (Section ).
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5.2 Platform Bargaining: Identifying w

We identify the platform’s Nash bargaining weight w from the post-cap non-binding

subsample, where Equation (@) holds with equality. The identifying sample is N =

10 iQIYT projects in the internal nexus panel disclosing both lead-actor cost (FEJ&

F%7Z) and content production cost (RBHIFEFR); all ten lie strictly below the 40%

C1 ceiling (cost shares 5.5-25.3%), so the unconstrained Nash FOC applies.
Rearranging Equation ([14),

. ‘/a,_Wa
- Va—ds’

takes three inputs: (i) the BLP marginal revenue ratio V, /R, = Estar ‘RE =0.43 at
the median post-cap lead (Section @), (ii) the observed wage ratio W,/R; = 0.13,
from rebasing the N = 10 actor cost share (16.8% mean) via iQIYI’s C/R = 0.77;
(iii) the calibrated outside option dg/R; = 0.04 from the actor’s best non-streaming
alternative (Appendix @) This yields

w = 0.768,

with a 3 x 3 sensitivity grid over (C'/R, dg/R) giving [0.70,0.87] (Table H) Platforms
capture roughly 77% of bilateral surplus from each lead-actor bargain.

A per-drama cross-check on N = 15 iQIYI projects with both cost and revenue
observed yields median ™™ = —2.18 (Table fi), more negative than firm-level 3, ; in
Section B. The wedge reflects revenue-weighting: firm-level estimates are dominated
by high-revenue projects while the per-drama median is unweighted and pulled down
by small-revenue losses. Neither is the structural v, —both are accounting residu-
als mixing the lead-actor bargain with non-cast production cost, amortization, and
bandwidth (Section @) We treat W = 0.77 as the structural output and the firm-
level trajectory in Figure P as a descriptive check.
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Table 6: Per-Drama 747%™ iQIYT Internal Panel

p

Panel A: Per-drama vpdmma distribution (release year < 2024)

N (disclosed cost & revenue) 15
10th percentile -18.869
25th percentile -5.301
Median -2.180
75th percentile -1.346
90th percentile -0.065
Maximum +0.572

Panel B: Firm-level 5, benchmark

2018 (pre-cap peak) —0.086
2022 +0.230

Source: iQiyi internal nexus project panel.

Panel A: per-drama /7% = 1— total cost (RFBEARIT) / total
revenue (ExHATUIANETT). Realized projects only (release year < 2024);
pipeline-year estimates excluded.

Reconciliation with the firm-level aggregate (Figure E) the per-drama
median is more negative than the firm aggregate because the firm aggre-
gate is revenue-weighted (large blockbusters dominate) while the per-
drama median is unweighted. Both quantities support the same quali-
tative story—a substantial fraction of pre-cap content was loss-making
at the project level.

Disclosure selection: the iQiyi internal panel covers only projects re-
quiring internal tracking and probably overrepresents large/problematic
productions.
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Table 7: Nash Bargaining Identification

Quantity Value Source
Inputs from earlier pipeline steps

Bstar (BLP demand) 0.248 §5.1

RE | (median post-cap) 1.716 drama panel
Vo/R; (mid-tier lead) 0.425 Bstar - REq
Identifying moment (post-cap non-binding)

Weo/R; (N=10 disclosed) 0.129 N=10 actor-cost-share x C'/R
ds/R; (outside option, calibrated) 0.040 industry calibration
Recovered parameter

@ (central) 0.768 Eq. (@)

@ (9-cell sensitivity) [0.701, 0.866] C/R x dg/R grid
Out-of-sample fit (M6 moment)

v P (per-drama, top star) 0.565 1 — Wina/VaP
Ap,2022 (firm-level, observed) 0.230 iQIYI 20-F

(F + L)/R implied burden 0.335 accounting residual

Notes. Pipeline-step 3 identification of the platform’s Nash bargaining weight w from the
post-cap non-binding subsample (iQIYT N = 10 disclosed projects, all of which sit below_the
40 percent constraint C1). Marginal revenue V, is derived from BLP demand (Section p.1));
observed W is the actor-cost-share moment from the N = 10 disclosed subsample (rebased
to revenue via the iQIYT cost-to-revenue ratio); outside option dg is calibrated to the actor’s
best non-streaming alternative (broadcast residual + endorsement + film, 4 percent of drama
revenue with sensitivity 2-7 percent).

The bottom panel reports the model-implied per-drama ~;*" under a binding cap and a top-
tier lead actor (RF = 2), against the firm-level 2022 iQIYT accounting ratio 1 — Cost/Revenue.
The wedge between the two is the firm-level fixed and leverage cost burden (F + L)/R not
allocated through the per-drama bargain (see Section p.9).

W feeds the director’s en@r payoff in Section @ via Y, = w(l — dg/V,) and the

actor’s Bellman in Section via W* = (1 — w)V, + wds.

5.3 Endogenous Make-or-Buy and the Bertrand Channel

Section m identifies w from the post-cap sample. To recover the two remaining
transition primitives—Bertrand outside-option intensity ¢ € [0, 1] and capability
decay rate A > 0—we fit the project-level make-or-buy panel (N = 3,462 dramas,
2017-2024) against iQIYT’s 20-F self-produced share series.
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Specification. For drama j released in year t, write the platform’s per-project
profit under each regime as

7TB<.j> t) = &B(t) Rj - Cj - Wij (16)

with WY = (1 — w)Va(j) + wds(t) the Nash wage from Equation (@) and WP =
min{V,(j), W;} the buy wage from external disclosures. Two primitives govern the
pre/post wedge:

7TM<

1. Bertrand outside option. Pre-cap, d%°(j) = (1 — ¢)d2° + ©V.(j). ¢ = 1
binds WM =V, and vy, = 0; ¢ = 0 leaves the non-streaming baseline. Post-
cap, dg = d*°.

2. Capability decay. Ak(t) = Argexp(—Amax{t — 2018.5,0}): the make-vs-
buy cost wedge erodes at rate \.

Regime choice is logit: Pr(M | j,t) = o((mm — 7 — AK(t))/0reg); the model-
implied yearly make-share is the cost-weighted mean across released projects. Given
w, ¢ is identified from the pre-cap make-share level (~ 12% in 2017-2018—only
near-saturated ¢ collapses vy, enough to rationalize it); A from the post-cap slope
(rising from 11.5% in 2018 to 48.3% by 2024).

Table 8: Endogenous make-or-buy estimates: @, :\\, and the regime wedge.

Parameter Estimate
Aky (baseline make—buy wedge) 2.054
o (regime-choice scale) 0.500
ap, post (post-cap buy quality) 0.990
DBertrand (pre-cap Bertrand outside-option intensity, € [0, 1]) 0.998
h\ (capability decay rate, /yr) 0.640
SSE 0.0075

Estimates. @ = 0.998 implies a near-saturated pre-cap auction absorbing 99.8%
of the star’s gross value, leaving 7y ~ 0—the structural mechanism behind the
introduction’s ¢ — 1 = 3, — 0 = producer-surplus collapse. A = 0.640/yr implies
Ak(t) erodes ~ 97% over five post-cap years, matching iQIYT’s studio buildout. SSE
against the eight 20-F observations is 0.0075 (RMSE ~ 3 pp).
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Endogenous make-or-buy regime: project-level fit
60
Aky=2.054
5=0.500
@p, post =0.990
PBertrana =0.998
1=0.640
SSE =0.0075

w
S
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Figure 3: Endogenous make-or-buy regime mix: predicted vs. observed. Project-
level model (Equations ()—()) fit to iQIYT yearly self-produced share, 2017-2024.
Predicted (dashed) tracks observed (solid) almost exactly; SSE = 0.0075 over eight
years. Two structural channels combine: (i) pre-cap dg ~ V, (Bertrand) = vy = 0,
so make yields the platform zero surplus; (ii) cap closes the auction = dg drops
to the non-streaming baseline = vy ~ 0.70 post-cap, joined by capability decay
A = 0.640/yr.

Downstream propagation. Three implications follow mechanically from the regime
decay (Table [): (i) director entry payoff E[max(my,mp)] rises 2.1x from 2018
(0.194) to 2023 (0.376), structurally rationalizing the —22.6 pp entry AME of Sec-
tion Q; (ii) the regime-weighted mean actor wage W0, falls 69.9% (0.369 — 0.111),
matching the industry-reported 50-70% — 17% lead-actor cost-share compression
(Fact 2); and (iii) Ax(t) falls ~97% (2.054 — 0.061), matching the independent 20-F
self-produced cost share (~10% — 48%).

A robustness check adding a multiplicative log-normal cost shock éj = Cjexp(ocn;)

with Monte Carlo integration leaves @ at 0.998 and A at 0.638/yr (¢ = 0.038; Ap-
pendix D)

The output of this step—the structural pair (@, X)—is the headline mechanism
estimate of the paper: it identifies the pre-cap Bertrand amplification at near-
saturation, identifies the post-cap capability buildup, and propagates into the di-

rector entry and actor career moments without further free parameters.
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Table 9: Downstream propagation: capability wedge, entry payoff, regime-weighted
actor wage, and cost-weighted make share by year.

Year Ar(t) E[max(my,75)] Wactor P(M]|t) (cost-wtd)

2017  2.054 0.255 0.192 12.4%
2018  2.054 0.194 0.369 11.5%
2019 1.491 0.175 0.186 20.4%
2020 0.786 0.260 0.156 27.0%
2021 0.414 0.293 0.123 38.6%
2022 0.218 0.363 0.116 41.1%
2023 0.115 0.376 0.112 42.9%
2024 0.061 0.371 0.111 48.3%

5.4 Director Entry Margin: MLE on x4

We estimate the binary-choice entry probit of Equation (B) by MLE on the post-cap
window (201972022).E Estimates: ETreated = —1.012 (SE 0.071, z = —14.3), implying
an average marginal effect of —22.6 pp (SE 1.5): the locked-out cohort enters at 12.6%
annually vs. 44.6% for streaming incumbents. In k4 units, locked-out directors have
streaming-specific entry costs roughly one standard deviation above the incumbent
baseline.

This is an incentive-compatibility flip: pre-cap, the Bertrand-driven residual B —
W could not cover the narrative non-cast cost ¢, so narrative-type directors stayed
out; the cap switches to Nash and expands B—W* above ¢ at the margin. Consistent
with this, 82% of post-cap high-quality dramas (Douban > 7) are directed by locked-
out cohort members (Section J).

22018 is excluded because the Treated /Control split is defined off 2017-2018 streaming credits,
collapsing the probit Hessian for ¢t = 2018.
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Table 10: Director Entry Probit MLE (post-
cap level differential)

Probit (Eq. B)

Treatedy (locked-out cohort) -1.012***
(0.071)

Avg. marginal effect of Treated -0.2257***
(0.0149)

Year FE Yes

N (director-years, 2019-2022) 4,180

Log-likelihood -1692.7

Pseudo R? 0.059

Notes. MLE on the binary-choice entry probit
(Eq. (E))7 estimated on the post-window 2019-2022 of
the director-year panel of Section B.1. The 2018 obser-
vation is excluded because the Treated/Control split is
defined off 2017-2018 streaming credits, mechanically
yielding Pr(enter | treated, ¢t = 2018) € {0,1} and col-
lapsing the probit Hessian.

Sample: directors with > 2 pre-2017 directing credits
in the cross-medium filmography panel. Treatedy = 1 if
no streaming credit in 2017-2018 (the locked-out pool,
N = 953 directors).

Empirical entry rates conditional on Treated: pre-cap
(2018): Pr(enter | T = 1) = 0.000, Pr(enter | T =0) =
1.000; post-cap (2019-2022): Pr(enter | T'= 1) = 0.126,
Pr(enter | T = 0) = 0.446. The reduced-form DiD
on the linear-probability scale (3 = 0.68) is the cross-
spec analog of the change in probit index between these
states.

Robust SE in parentheses.

xR e p < 0.10,0.05,0.01.

5.5 Actor’s Dynamic Career Choice

We estimate the first-stage CCPs of the actor’s dynamic choice on a balanced ac-
torxyear panel (4,520 actors with non-trivial pre-2018 work history, 2017-2025).
Per actor-year, three binary outcomes: any lead
lead low,; (Douban < 7).

a,t)

31

lead high,; (Douban > 7), and
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x post-cap DiD on each outcome, clustered by actor.

Table @ reports CCPs (Panel A) and DiD coefficients (Panel B). For high-rating
actors, any lead is flat (0g = —0.001), but a within-actor substitution emerges:
lead high falls —0.044 pp (p < 0.01) and lead low rises +0.040 pp (p < 0.01)—i.e.,
top-tercile actors’ high-quality lead probability falls from 5.3% to 3.3% while their
low-quality lead probability rises from 4.0% to 8.7% (the M6 moment of Section @)

Table 11: Actor Career-Choice CCPs and DiD on Lead-Role Composition

P(any lead) P(lead high DoubanZ?) P(lead low pouban<7)

Actor’s pre-2018 rating-VA tercile Pre Post A Pre Post A Pre Post A

Panel A: empirical conditional choice probabilities, by tercile and period

Bottom tercile 0.167 0.197 40.030 0.012 0.038 +0.027 0.161 0.172 +40.011
Middle tercile 0.151 0.176 +0.025 0.022 0.042 +40.020 0.139 0.150 +0.010
Top tercile 0.088 0.110 +0.023 0.053 0.033 —0.021 0.040 0.087 +0.047

Panel B: difference-in-differences, Top tercile X Post (LPM, clustered SE on actor)

Outcome (drama-year) BpiD SE p-value
Any lead role -0.0010 (0.0095) 0.920
Lead high (Douban > 7) -0.0436*** (0.0057) 0.000
Lead low (Douban < 7) +0.0397*** (0.0087) 0.000

Sample: all actors with at least one billing in the 2017-2025 drama panel of Section @
who also had at least one role recorded in the panel before 2018. Tercile assignment is
fixed at the actor level on the pre-2018 rating-VA distribution of this sample: an
actor’s rating VA is the billing-order-weighted average of year-demeaned Douban scores
across her pre-2018 works. Bottom tercile = lowest third of pre-2018 rating-VA; Top
tercile = highest third. Terciles are immutable once assigned (i.e., they do not switch
over the cap event).

Outcomes (drama-year level). For an actor in year ¢: Any lead: actor was billed top-2 in
at least one drama released in year t. Lead high: billed top-2 in at least one drama with
realized Douban score > 7. Lead low: billed top-2 in at least one drama with Douban
score < 7. Years before 2019 are Pre; from 2019 onward Post.

Reading. Panel A cells are within-tercile, within-period averages. The top-tercile row
(highlighted) is the one that moves on the substitution margin: P(lead high) = 0.053 —
0.033 (—2.0pp) while P(lead low) = 0.040 — 0.087 (+4.7pp). Bottom and middle terciles
see broadly parallel increases on all three outcomes. Panel B reports the DiD coefficient on
(top tercile x Post) from a linear-probability regression of each outcome on tercile dum-
mies, their x Post interactions, and a Post indicator (specification details in Section p.53).
O, R p < 0.10,0.05,0.01.

Four-type structural classification. Combining @, Bstar, and the Bellman flow
utility, the model implies a four-type reallocation across the reputation distribution.
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(1) Traffic stars (high R, low R®): post-cap, W* falls ~70% of V,; optimal role
substitutes from lead_high to lead low (preserving visibility on a tighter budget),
with effort reallocated toward endorsement income—the M6 moment. (2) Quality
actors (high R®): the cap admits narrative-tech productions that load on directors
(Gairviews = 0.153) and select on R¥; this type becomes IC-feasible for the first time,
the actor-side analog of the director-entry IC flip of Section @ (8) Mid-tier: the lead
pool widens 6.9 from 111 to 765 unique iQIYT leads (90% new entrants), absorbing
actors previously capacity-rationed by top-star slots. (4) Long-tail: smaller impact—
the supporting pool expands with volume. The cap’s actor-side effect is therefore
a reallocation of the entire reputation distribution to the lead pool, mirroring the
director-side IC restoration.

Untargeted matching validation. Although matching is not directly targeted,
the demand-and-bargaining estimates above predict the observed actor—director cross-
tab to 2.8 pp RMSE across 18 cells (3 actor tiers x 3 director tiers x 2 periods):
low-VA actors move out of idol directors (32— 24% observed, 33 —23% predicted),
high-VA actors move toward idol directors (15— 20% observed, 14 — 18% predicted),
and mid-VA actors shift toward narrative directors. Detail in Appendix @

5.6 Goodness of Fit

We assess fit on six moments combining in-sample R? with directional consistency
between model predictions and reduced-form evidence (Table )

M1 reports the share of log-share variance explained by BLP observables X ;B
excluding &;: R% = 0.358 on N = 1,580 inside goods, in the standard range for
differentiated-product BLP (Neva, 2001 reports 0.30-0.40 for cereal).

M2 tests the BLP qualitative prediction that heterogeneity loads on directors,
not stars. The estimated Ggjector = 0.153 is two orders of magnitude larger than
Ostar ~ 0.0002, in the predicted direction.

M3 and M4 test post-cap supply-side equilibrium predictions. M3: the within-
year director Herfindahl falls from 0.0132 in 2018 to a 2019-2022 average of 0.0035—
halving in three years, the direction predicted by Proposition P (multi-content equi-
librium admits asymmetric specialization). M4: the model-implied share of high-
quality dramas (rating-class > 4) in 2022 is 0.267 against an observed 0.146, a
12-point over-prediction. We read this as incomplete transition: the cap’s producer
extensive-margin effect (entry of narrative-type directors, Section B.1l) has not yet
fully unwound by end-sample.
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M5 reports the model-implied per-market log-sum-exp utility change of 40.086
utils; the entry-margin decomposition (Section a) attributes roughly 60% of this gain
to post-cap entrants.

M6 verifies the Section @ Bellman prediction: among top-tercile (high pre-2018
rating-VA) actors, the probability of leading a high-quality drama falls from 5.3%
pre-cap to 3.3% post-cap, while the low-quality probability rises from 4.0% to 8.7%—
the substitution the cap mechanically induces by truncating top-budget productions,
recovered from the CCP estimates of Section @
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Table 12: Goodness of Fit

Moment Model Observed Interpretation
M1. Variance share of BLP B’Xj 0.358 on N = 1,580 Share of log-
log-share explained by share variance

observables

M2.
star

o on director vs.

M3. Director HHI, pre
VvS. post

MA4. Share of high-
quality dramas, 2022

M5. Consumer-side log-
sum-exp utility, pre —
post

M6. Top-tercile actor
career path (CCPs)

Odir > Ostar

Falls (Prop. E)
0.267 (BLP-implied)

40.086 utils per mar-
ket

Substitute lead_ high
— lead low (Bellman,
Sec. @

6-\dir = 0153, a-\star =

0.0002

0.012 — 0.006

0.146 (observed)

(internal —
implied via BLP)

model-

Pleadihigh: 53% —
3.3% (A = —2.1pp);
Pleadilow : 4.0% —
8.7% (A = +4.7Tpp)

attributable to
X excluding &;.
Heterogeneity
loads on di-
rectors as
predicted.

HHI halves;
matches pre-
dicted direction.

Predicted high-
quality share vs
observed, 2022.

Welfare gain in
utility units; cf.
Sec. é
Top-rated ac-
tors reallocate
away from top-
budget leads
toward mid-
budget leads as
cap binds.

Notes: Six moments comparing model-implied predictions against observed data. M1 is the in-sample
R? of the BLP demand log-share equation. M2-M3 test directional predictions of the model (random-
coefficient placement and equilibrium HHI). M4-M5 are model-implied share and welfare statistics under
the BLP estimates. M6 verifies the predicted top-tercile actor substitution from lead_ high to lead_ low

post-cap (cf. Eq. (E))

Limitations.

Three caveats. First, the BLP step is reported without asymptotic

standard errors; bootstrap SEs will appear in the next revision. Second, the 12-
point M4 over-prediction we interpret as incomplete transition rather than mis-
specification, but a full out-of-sample test requires post-2025 production data. Third,
the counterfactual in Section [ uses the firm-level 7 trajectory rather than re-solving
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producer entry under no-cap; we report the welfare numbers as an accounting de-
composition and defer the structural counterfactual.

Robustness of the structural estimates. The headline mechanism parameters
are stable to two known modeling choices. Re-estimating on a grid of the regime-
choice EV-scale 0., € [0.05,1.00] leaves @ saturated at 0.998 for 0,6, > 0.15 and A
in [0.58,0.70]/yr. Adding a multiplicative log-normal cost shock 5]- = Cjexp(ocn;)
with Monte Carlo integration over Ny, = 50 draws yields ¢ = 0.038 with ev-
ery other estimate shifting by less than one percent versus the baseline. Detail in
Appendix [.1.

6 Counterfactual and Robustness

6.1 No-Cap Counterfactual: How Much Loss Did the Cap
Avert?

The bargaining-share identification in Section @ prices the cap in firm-level RMB.
Once 7, is in hand, a no-cap counterfactual is mechanical: hold ~, at its pre-cap level
from 2019 onward, keep all other firm-level variables (revenue, SG&A, R&D) at their
realized values, and compute the implied operating income trajectory. Comparing
this trajectory to the observed series yields a direct dollar measure of the cap’s effect
on the platform’s bottom line.

Counterfactual specification. For each post-cap year t € {2019, 2020, 2021, 2022},
the counterfactual operating income is

I, = Revenuet-’prF — SG&A; — R&Dy, (17)

where prF is the counterfactual bargaining share. The bracket below is anchored
to two reference points from the model. The first is the Bertrand-auction out-
come ’yfertrand = 0 from Equation () in a no-cap world where the Bertrand
auction mechanism is restored among K platforms, the star captures full marginal
contribution and the platform’s per-drama share is zero. The second is the 2018
trough 72018 = —0.086, which adds the (F' + L)/R leverage burden on top of
the Bertrand zero. Lifting the cap and assuming Bertrand conduct revives is a
conduct/equilibrium-selection assumption, not a parameter-level prediction of the
post-cap Nash model; the pre-cap industry behavior of Section grounds this as-
sumption in observed historical conduct. The three choices below span the resulting
range:
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o CF-1: WPCF = 0. The content book exactly breaks even—the Bertrand-auction
limit of Equation () under no cap, before adding leverage burden.

o (CF-2: prF = —0.086. The 2018 peak bidding-war intensity persists, adding
the firm-level fixed and leverage burden (F' + L)/R =~ 0.09 on top of the

Bertrand zero; this is the maximally conservative no-cap scenario, cross-checked
against the iQI'YI 2018 trough.

o (CF-3: WPCF = —0.035. The 20162018 average 7,, treated as the pre-cap
baseline.

Result. Figure @ plots the observed and three counterfactual operating-income
paths. Table reports year-level and cumulative gaps.

iQIYI Operating Income: Counterfactual No-Cap Trajectories
(Source: iQIYI Inc. Form 20-F, SEC EDGAR + author counterfactuals)

(a) Revenue treated as exogenous (RX) (b) Revenue endogeneity: holding " =—0.035

0 /. /

2,000

-4,000
4,000

Operating income (RMB millions)

6,000

Operating income (RMB millions)

.
9
L. o rmamaa ™ a 8,000 &= Actul observed 27
N ~8- y_p"(CF) =0 (break-even ebntent) - - Realizgd = d
410,000 S —8 v p/(CF) = -0.086 (96 peak infensity) == = = = S Membership frozen at 2018 level
W= = = =g — WO = -0.035 (pre-cap 2016--2018 avg) ~&  All revenue lines frozen at 2018 level

2016 2017 2018 2019 2020 2021 2022 2016 2017 2018 2019 2020 2021 2022

Figure 4: Observed (solid) vs. three counterfactual (dashed) iQIYT operating-income
trajectories, 20162022, freezing -, at the indicated pre-cap value from 2019 onward
with revenue and non-content overheads held at realized levels. Source: iQIYT 20-F.
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Table 13: iQIYI No-Cap Counterfactual

Revenue counterfactual \ Bargaining share %g‘F 0 (break-even) —0.086 (2018 peak) —0.035 (pre-cap avg)

Realized +10,187 +20,357 414,326
Membership frozen at 2018 level +10,187 +18,391 +13,526
All revenue lines frozen at 2018 level +10,187 +18,783 +13,686

Each cell reports the cumulative 2019-2022 gap >, (IT2<tual — II,) in RMB millions, under
the indicated combination of revenue counterfactual (rows) and bargaining-share counterfactual

(columns). II; = RevenueS* V5F — SG&A — R&Dy, with SG&A and R&D at realized values.

Realized: revenue treated as exogenous to the cap.

Membership frozen at 2018: subscription revenue stuck at its 2018 level (RMB 10.6B); ad and
other revenues follow realized path. Reflects the view that subscription growth was cap-enabled.
All revenue frozen at 2018: total revenue stuck at RMB 25.0B. Maximally conservative revenue
assumption for the no-cap world.

Positive cells indicate the cap raised cumulative operating income above the no-cap counter-
factual. Across all 3 x 3 =9 combinations the sign is positive, confirming that the cap-related
recovery survives endogenous-revenue assumptions, though the magnitude varies by a factor of
up to ~ 4x.

The qualitative picture is unambiguous. Without the cap, even the most generous
counterfactual (CF-1, zero content margin) leaves iQIYT losing RMB 5.4 billion in
2022 — 6.7 billion below the realized +1.3 billion. Under the 2018 peak-intensity
continuation (CF-2), 2022 losses balloon to RMB 7.9 billion. The cumulative 2019
2022 gap between realized and counterfactual operating income ranges from RMB
10.2 billion (CF-1) to RMB 20.4 billion (CF-2). In all three specifications, the
cap converts iQIYT from a chronically loss-making firm into one that crosses into
operating profit in 2022.

Consumer-side accounting decomposition. Entry-margin dramas account for
60.1% of post-cap log-sum-exp consumer utility on average (49-65% year-by-year;
Table [14). This is an accounting decomposition (lower bound on the structural
welfare gain), not a re-solved counterfactual.
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Table 14: Consumer Surplus: Entry-Margin Contribution

Year Total Entry-margin CS observed CS no-entry Entry-margin

dramas dramas (utils) (utils) share of CS
2019 154 93 0.150 0.058 61.5%
2020 203 135 0.165 0.058 64.8%
2021 228 137 0.202 0.102 49.4%
2022 223 139 0.220 0.078 64.7%
Avg. 2019-2022 — — — — 60.1%

Notes: Per-market consumer surplus computed as the log-sum-exp over inside utility of the es-
timated BLP demand of Section EI The observed CS uses all dramas with release year in
{2019, ...,2022} in the estimation sample. The no-entry CS drops dramas directed by the locked-
out director cohort identified in Section @, holding all other primitives fixed. The entry-margin
share of CS reports the fraction of observed consumer-side log-sum-exp utility attributable to
entry-margin dramas, i.e., 1 — (CSno-entry/CSobserved )-

This is a partial-equilibrium lower bound on the consumer-side welfare gain from the cap. It does
not include the channel-expansion channel (Section [C.4) or the quality-shift channel (Section [C.2),
each of which would further increase the consumer-side benefit. Because the predetermined-VA
spec does not include price, the result is reported in utility units rather than RMB; a monetary
translation requires the 2SLS price coefficient reported in the demand specification diagnostics.

Robustness and remaining caveats. Revenue is partly endogenous to the cap.
A 3 x 3 grid that adds two revenue counterfactuals (RY freezes subscription revenue
at 2018; RZ freezes total revenue at 2018) yields a positive cumulative saved-loss
estimate in every cell, with the conservative 10-15 billion range (RY/RZ revenue,
7;()] F € {0,-0.035}) as the defensible point estimate. The partial-equilibrium frame
still abstracts from cross-platform spillovers.

6.2 Structural No-Cap Counterfactual: Re-Solving Each Player

The accounting counterfactual of Section @ holds the bargaining share at a pre-cap
reference value and reads the implied dollar gap off iQIYT’s 20-F line items. Be-
cause the cap is identified, in this paper, as a switch in the platform—talent regime
(Bertrand to Nash) and a restart of the capability accumulation path, the structural
model permits a sharper exercise: re-solve every agent’s choice under the no-cap
regime and compare the implied equilibrium objects to their observed counterparts.
Three structural objects are re-computed—platform make-or-buy share, director en-
try payoff, actor career-path value—using the estimates of Sections
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No-cap regime. The structural CF fixes the two primitives that the cap moved:
e =1, ARCF(t) = Ary for all t > 2018, (18)

i.e., the Bertrand auction remains binding (d$¥ = V,, 4{f = 0) and the make-buy
wedge does not decay (no capability buildup post-2018). All demand parameters
(o, B, %), the Nash weight w, the entry primitives k4, and the actor flow-utility pa-
rameters (fg, g, f) are held at their estimated values. Every post-2018 equilibrium
object is then re-derived from these primitives exactly as in Section p.3.

Result A: make-or-buy share collapses. Under ¢“F = 1, the platform’s make-
side surplus 7$F (4, t) = w(1 — V,/Va); = 0 for every project: the Bertrand auction
transfers the entire star surplus to talent. Holding the buy-regime cost wedge at
Aky = 2.054 also makes make weakly dominated in cost. The model-implied coun-
terfactual make share stays in the ~2-10% band throughout 2019-2024, against an
observed series rising from 20% to 48% (Figure B, panel (a)). The vertical-integration
transition documented as Fact 4 in Section B is entirely off-equilibrium without the
cap.

Result B: director entry payoff stays low. The per-project expected payoff
FE[max(my, mp)] that drives the director’s binary-choice problem (Equation (pa)) is
held down by the same two forces. Under the no-cap CF, E[max(mys, 7p)] stays be-
low 0.05 throughout 2019-2024, against an observed rise from 0.175 in 2019 to 0.376
in 2023. Plugging these payoff trajectories into the estimated probit yields a counter-
factual locked-out cohort entry rate of ~13% throughout post-2018 (essentially the
pre-cap rate), against the observed 44.6% for streaming incumbents and the —22.6
pp average marginal effect of Section p.4. The director-entry margin documented as
Fact 3 does not appear in the no-cap world.

Result C: actor welfare and the transfer accounting. Re-solving the actor’s
Bellman (Equation (E)) under the regime-weighted wage schedule that prevails in
the CF (still close to W = V, for top stars) yields a value function V¥, The
observed-minus-CF gap V> — VCF is negative (—6.0 utility units, averaged across
states): the cap reduces incumbent top-star lifetime value by transferring ~6 units of
welfare from actors to producers and consumers. The accounting per-drama profit-
gap series w;?]gs — 7TJCtF is positive throughout 2017-2021 and turns negative only after
2022, with a cumulative post-2018 net of +0.33 per drama in favor of the observed

regime—consistent with the platform-side surplus recovery documented in Fact 1.
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(a) Make-share trajectory: observed vs. no-cap CF (b) Director entry payoff
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Figure 5: Structural no-cap counterfactual under ¢°F = 1 and AxF(t) = Akg. (a)
Make-or-buy share: observed (20 —48%) vs. CF (flat ~2-10%). (b) Director entry
payoff E[max(mys, mp)]: observed (0.175 — 0.376) vs. CF (flat < 0.05). (c¢) Actor
Bellman gain V°" — V. uniformly ~ —6 across states = cap transfers welfare
from actors. (d) Cumulative per-drama profit gap: 40.33 in favor of the observed
regime.

Accounting vs. structural CF. The accounting CF (§EI) asks what dollar profit
iQIYT would have realized had +, stayed at the pre-cap reference (RMB 10-20 B
saved); the structural CF asks whether the post-2018 entry, variety, and integration
margins exist at all without the regime switch (no—under ¥ = 1 and AxCF =
Akg the platform stays in the pre-cap corner solution). The entry-margin dramas
contribute 60% of post-cap consumer-side utility (Table @)

Ruling out alternative interpretations. The headline transition is not a pre-
existing trend, a COVID demand shock, a generic global subscription-streaming
pivot, or a pure wage compression. Pre-cap linear-trend extrapolation of 7, ; predicts
—20.5% in 2022 vs. the realized +23.0% (a 43.5 pp structural break); the entry,
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variety, and vertical-integration shifts begin in 2019, pre-pandemic; Netflix exhibits
no analogous break over the same window; and the make-buy, entry, and matching
margins move together as the regime-switching model predicts and the pure-wage-
compression alternative does not. Detail in Appendix @

7 Conclusion

The 2018 Chinese actor salary cap functioned not as a marginal labor-cost inter-
vention but as the lever that broke single-content competition among long-form
streaming platforms. By rendering a binding ceiling on above-line compensation en-
forceable, the policy severed the Bertrand-auction-driven loop between traffic stars,
advertising revenue, and the production-cost floor that sustained the pre-cap mono-
culture. Structurally, the pre-cap auction was at near-saturation (@ = 0.998); the
cap collapsed it and launched capability accumulation at N = 0.64/yr, yielding a
~T70% structural wage compression and admitting the narrative-genre directors who
had been incentive-incompatible with the prior regime. Entry-margin dramas ac-
count for 60% of post-cap consumer-side log-sum-exp utility under the estimated
BLP demand; the accounting counterfactual implies RMB 10-20 billion in averted
iQIYT losses over 2019-2022.

Generalization. The mechanism is not specific to China. Wherever an upstream
input has tournament-shaped rewards and downstream channels concentrate on it,
the market can lock into a monocultural production technology that excludes whole
classes of producers; a regulatory intervention on the input price unlocks the excluded
technologies, with the welfare gain operating through consumer variety rather than
rent redistribution. The same primitive structure appears in U.S. long-form stream-
ing (the 2023 SAG-AFTRA settlement), the mid-2000s music industry (digital dis-
tribution collapsing the record-label A&R tournament, |Aguiar and Waldfogel, 2018,
Waldfogel, 2018), and plausibly in news media and academic publishing where no
enforceable instrument has unlocked the channel. The Chinese cap is one realization
of a regulatory category—public input-price intervention as a channel-monoculture
remedy—that, to our knowledge, has not been previously identified in the empirical
industrial-organization literature.
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A Data Appendix: Platform Revenue and Pro-
duction Strategy

A.1 Verification of Platform Revenue Data

iQIYT revenue data come directly from audited Form 20-F filings with the SEC. Ten-
cent Video and Youku are reported only at the parent-company segment level (Ten-
cent Holdings, Alibaba) but management discussions corroborate the same industry-
wide trend.

iQIYT revenue composition inverts sharply around 2018: advertising falls from
46.9% (2017) to 18.3% (2022), while membership rises from 37.6% to 61.0% (Form
20-F filings, 2018/2020/2022). Operating losses peak at RMB 9.3 billion in 2019
and narrow steadily through 2022, the firm-level realization of the cost-side recovery
captured by 7, in Figurega

A.2 The Economic Rationale for Pre-Regulation Outsourc-
ing

Pre-cap, with revenue tied to ad-driven viewership and traffic delivered by top stars,
licensing a star-vehicle from an external studio was the dominant strategy: it trans-
ferred production risk, delivered a pre-packaged marketing asset, and let platforms
focus on distribution and ad sales. The cap removed the traffic-star input, broke
the advertising model, and catalyzed the pivot to subscription. Under subscription,
the objective shifts to long-term subscriber value, which depends on exclusive high-
quality content—making vertical integration the new dominant strategy (quality
control, exclusive IP, restored bargaining power). This is the structural counterpart
to the induced-vertical-integration mechanism of Hart-Tirole (1990).

B Construction of Star Value Added

We construct actor-level value-added measures from each actor’s prior works, using
both Douban rating (rating-VA) and log 30-day viewership (views-VA) as the under-
lying quality signal. Let j index works, a index actors, ¢ index calendar years. For
X € {rating, views} and Q? € {Douban score;, logvs ; }, year-demeaned quality is

AX _ X _ AX
@y = Q5 —Quy

45



removing common year shocks. Each actor—work observation is weighted by billing
order bg;:

(1.0, b,y € {1,2},
0.8, by € {3,4,5},
Waj = { 0.5, by € {6,7},
0.3, by € {8,9,10},

(0.1, otherwise or missing.

Actor a’s value-added in year t is the billing-weighted average of pre-t year-demeaned
quality:

X
2 juaci, y(i)<t Yai @

X:j:aej7 y(g)<t Wayj

VA, = ,
with missing Qf excluded from both sums. The pre-2018 snapshot \/Af,2018 is used
as the predetermined cast-side regressor in BLP demand (Section p.1)) and as the
state variable in the actor’s CCP estimation (Section p.5).

C Detailed Reduced-Form Evidence

C.1 Cross-Medium Director Reallocation

C.2 Equilibrium Transition: Who Re-Entered the Market

The cap’s visible margin of adjustment lies on the supply side: audience preferences
do not noticeably shift, but who participates in streaming-drama production does.
Two groups respond—(i) high-reputation incumbent actors substituting toward en-
dorsement income, and (ii) experienced directors previously locked out of streaming
by the dominance of star-vehicle projects. Tables @ and [16 quantify both.

Who is shifting away from acting? Table @ restricts to the 3,298 actors active
in both 2017-2018 and 2019-2022 and decomposes their own career shift by pre-
2018 rating-reputation tertile. Three findings appear together. First, low- and mid-
reputation actors shift weakly toward (or are flat on) high-quality lead roles (4+0.87pp
and 4+0.09pp on AP(lead high)), while high-reputation actors lose 2.75pp of their
lead-high share and gain 2.07pp of lead-low share. Second, brand endorsements
rise across all reputation bins, but with the opposite ordering: low-bin actors gain
+0.80 endorsements per actor on average; high-bin actors gain only +0.26. Third,
and most diagnostic, the within-actor correlation between endorsement growth and
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high-quality lead-role acquisition flips sign across bins. For low- and mid-bin actors,
p(Aendor, Alead high) = +0.161 and +0.240 respectively—endorsements and high-
quality leads rise together, consistent with rising stars accumulating both. For high-
bin actors, p = —0.182 and p(Aendor, Alead low) = 40.351: those high-reputation
actors who pick up more endorsements take fewer high-quality leads and more low-
quality leads. The substitution at the high-reputation margin is direct: brand con-
tracts displace prestigious acting work, not the reverse.

Who is supplying post-policy quality content? Table @ addresses the corre-
sponding director-side question. Of the 487 directors who helmed a streaming drama
between 2019 and 2022, 401 were absent from the 2017-2018 sample; we call these
post-only directors. Panel A demonstrates that they are not new entrants. Only
32 of 401 (about 8%) have no pre-2017 Douban filmography; another 34 debuted in
the immediate pre-policy years 2015-2016. The bulk are Mid-career directors who
started 2010-2014 (n = 60), Veterans from 2000-2009 (n = 125), and Legacy di-
rectors whose first credit predates the year 2000 (n = 150). The median post-only
director has 11 prior works and a debut around 2002.

Timing rules out a "return from retirement” interpretation. Among the 369 post-
only directors with any pre-2017 Douban-recorded work, the median latest pre-2017
work year is 2016 (25th percentile 2015), an average gap of ~ 1.9 years between
last pre-cap credit and first post-cap streaming credit. These directors remained
active in adjacent media—broadcast television, theatrical film, lower-budget online
production—and reallocated into streaming after the cap relaxed the production-cost
floor.

Panel B compares the pre-2017 Douban score of post-only directors to the 86
“both-period” streaming incumbents: 2.37 vs. 2.49 on the five-point proxy, a —0.12
gap with 95% Welch CI [—0.32,+0.08] (t = —1.22, p = 0.22); the comparison is
underpowered (n = 401 vs. 86) so a modest gap in either direction is not ruled out.
The economic claim that post-only directors are experienced crowded-out producers
rather than novice entrants rests on the Panel A career-stage evidence.

Panel C closes the loop. Among post-2018 high-quality dramas (Douban > 7),
81.9% are directed by post-only entrants, against 18.1% by both-period incumbents.
The directors supplying the post-policy quality of the medium are overwhelmingly
those previously locked out of it.

Both adjustments—incumbent actors reallocating effort into endorsements, and
experienced directors entering streaming from adjacent media—realize the supply-
side equilibrium transition formalized in Section gand Appendix E
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Table 15: Within-Actor Career Shift

Drama composition (pp) Endorsements

Pre-2018 rating bin N AP(lead high) AP(lead low) Pre (avg) Post (avg) A p(Aendor, Alead_ high)

Low 1099 +0.87 -2.61 0.35 1.15 +0.80 +0.161
Mid 1134 +0.09 -1.55 0.15 0.70 +0.55 +0.240
High 1065 -2.75 +2.07 0.06 0.33 +0.26 -0.182

Sample: 3,298 actors active in both 2017-2018 and 2019-2022. Pre-2018 rating bin is a tertile split
on the actor’s pre-2018 rating value-added. Composition margins are own-actor differences between
post- and pre-period shares of drama appearances that are top-2 billed in a high-Douban (> 7) or

low-Douban (< 7) production.
Endorsement counts are summed brand contracts started in the indicated four-year window (Pre:

2015-2018; Post: 2019-2022), from Endata.

Key reading: high-rating-reputation actors lose lead-high roles by 1.6-3.4pp and gain lead-low roles
by 1.9-2.4pp, while their endorsement-substitution correlation flips sign (p < 0) relative to lower-
reputation actors (p > 0): high-reputation actors who land more endorsements take fewer high-quality

lead roles.
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Table 16: Origin of Post-Policy Director Entrants

Panel A: Career stage of post-only directors

Career stage at first credit N Share
Truly new 32 8.0%
Recent (2015-16 debut) 34 8.5%
Mid-career (2010-14) 60 15.0%
Veteran (2000-09) 125 31.2%
Legacy (pre-2000) 150 37.4%
Panel B: Pre-2017 reputation, post-only vs. both-period
Average pre-2017 Douban score (post-only) 2.374
Average pre-2017 Douban score (both-period) 2.494
Difference (post-only — both) -0.121
95% CI on difference (Welch) [—0.316, 4+0.075]
Welch two-sided t-test p-value 0.225
TOST equivalence margin § = £0.25 Douban points

TOST p-value (one-sided max) 0.097

Equivalence established at 5%7? No

Panel C: Who supplies post-2018 high-quality dramas (Douban > 7)?

Total post-2018 high-quality dramas 155
Share led by both-period directors 18.1%
Share led by post-only directors 81.9%

Post-only directors are those credited on a 2019-2022 drama but absent from
2017-2018. Both-period directors are credited in both windows. Career stage
is the year of the director’s first credit in the Douban filmography panel
(20_director_creations).

Panel B uses the Douban rating-class proxy (allstarNN/10). The Welch ¢-test
does not reject equality of pre-2017 reputation between post-only and both-period
directors. To make a positive statement about equivalence, we report a TOST
procedure with margin 6 = 0.25 Douban points (5% of the 5-point scale). When
the TOST p-value is below 0.05, the difference is statistically equivalent to zero
within £6; otherwise we cannot conclude equivalence and report only that we fail
to detect a quality gap (the test is underpowered).

Panel C demonstrates that the bulk of post-policy high-quality streaming dramas
is supplied by directors who were not in the streaming market in 2017-2018,
despite holding comparable pre-policy reputations.
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C.3 Revenue-Channel Expansion and Market Entry
C.4 Revenue-Channel Expansion and Market Entry

The post-cap differentiation strategy predicts coexistence of the pre-cap advertising-
funded star-vehicle tier with a new, subscription-funded long-tail tier rather than
replacement. This subsection documents the coexistence with two auxiliary data
sources.

Channel expansion at the drama level. We use drama-level brand-sponsorship
records from Endata covering 715 dramas with on-air dates 2017-2023. For each
drama we observe the number of sponsoring brands (fak#%%) and total brand on-
screen exposure (MAhEEE BT (7). Aggregating to the year level, Table
reports the distribution and Figure é the two key trajectories.

The data do not support a uniform decline in advertising activity. The maximum
brand count per drama is volatile across years (122 in 2018, 109 in 2020, 51 in 2022):
genuine post-cap blockbusters such as Thirty’s Up ({=+TTIE) ) continue to attract
concentrated sponsorship at the high end. The advertising-driven business model
remains operational. What changes is the lower tail of the distribution: the share
of dramas with < 5 sponsoring brands roughly doubles, from 13-16% in 2017-2018
to 32-34% in 2020-2022. The top-10 share of total brand-exposure also falls (from
~ 70% in 2017-2018 to 35-50% post-cap), but its trajectory is non-monotonic.

The pattern is most naturally read as the emergence of a parallel, subscription-funded
content tier. These low-brand-density dramas are not the same projects that would
previously have competed in the advertising tournament; instead, they are new pro-
ductions whose cost structure (no longer dominated by top-star compensation) makes
them viable to recover costs through paid subscriptions and to operate alongside,
rather than against, the existing high-budget ad-funded tier. This interpretation
aligns with the realized \; trajectory in Section W's platform profit function, and
with iQIYT’s documented revenue-mix inversion (membership 37.6% — 61.0%; ad-
vertising 46.9% — 18.3%, 2017-2022, Form 20-F).
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Advertising-Market Bifurcation, 2017--2023
(Source: 02\_rdata/31\_tv\_commercial/tv\_level.csv)

(a) Bifurcation: long tail expands, top-10 share falls
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Figure 6: Advertising-Market Bifurcation

Notes: Panel (a) plots the long-tail share (dramas with < 5 sponsoring brands) and the top-10
share of total brand-exposure time. Panel (b) compares the density of brand-count per drama
in the pre-cap (2017-2018) and post-cap (2019-2022) periods. Source: Endata drama-level
brand-sponsorship records, N = 715 dramas. Reading: Post-cap mass is added in the low-end
tail while the high-end tier remains populated — the empirical signature of the new low-cost
channel emerging alongside (not displacing) the advertising-funded tier, as predicted by the

two-front squeeze differentiation strategy of Section [l.
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Table 17: Advertising-Market Bifurcation

Distribution of brand count (fRhE%K) Tails Concentration
Year N Median 90%ile Long tail* Top tiert® Gini Top-10 share®
2017 45 20.0 41.6 13.3% 6.7% 0.380 69.6%
2018 51 15.0 66.0 15.7% 15.7% 0.530 71.8%
2019 121 17.0 38.0 14.9% 5.8% 0.410 45.8%
2020 156 11.5 38.0 32.7% 7.7% 0.530 35.4%
2021 103 13.0 34.0 32.0% 1.9% 0.460 45.3%
2022 119 10.0 24.0 34.5% 0.8% 0.440 35.0%
2023 120 12.0 36.0 27.5% 0.8% 0.440 51.7%

Source: the brand-sponsorship panel (Endata), drama-level data covering 1,133 dramas with on-air dates 2016—
2026. Brand count (Gah#%4) is the number of distinct sponsoring brands appearing on the drama; total brand
exposure is the cumulative on-screen exposure time across all sponsors.

@ Share of year’s dramas with < 5 sponsoring brands (the empirical long tail).

b Share of year’s dramas with > 50 sponsoring brands (top tier).

¢ Concentration of total brand-exposure on the top-10 dramas of each year.

Key readings: (i) the long-tail share doubles from ~ 15% in 2017-18 to 32-34% in 2020-22; (ii) the top-10 share
of brand exposure collapses from 58% in 2018 to ~ 25% post-cap; (iii) the maximum brand count is not monotone
(2018 peak 122, 2020 still 109)—genuine blockbusters such as Thirty’s Up continue to capture concentrated
sponsorship. The pattern is one of market bifurcation—a long tail of low-sponsorship productions emerges
below a still-present top tier—rather than a uniform collapse of the advertising tournament.

Product-variety expansion on the supply side. The channel-coexistence find-
ing above is mirrored in the cast-and-crew composition of the post-cap drama supply.
Holding annual broadcast volume approximately constant (around 430 dramas per
year), Figure [] traces four variety measures at the release-year level. The count
of distinct directors active in any given year more than doubles from 97 in 2018
to a 2019-2022 average of 192, so the average drama-per-director falls from 4.8 to
2.2. The Herfindahl on director shares of within-year drama production halves (from
0.012 to 0.006), and the analogous concentration on top-billed actors falls in paral-
lel. The expansion is a direct, descriptive counterpart of the entry-margin DiD of
Section B.1: more producers reach the streaming-drama market each year, on tighter
average loads, post-cap. Combined with the BLP demand estimates of Section p.1l,
this supply-side variety expansion produces the consumer-side log-sum-exp welfare
gain documented in Section @.
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Product-Variety Diagnostics, 2018--2022
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Figure 7: Product-Variety Diagnostics

Notes: Year-level variety diagnostics on the N = 2,170 drama panel for 2018-2022. Top-left:
count of distinct directors. Top-right: director Herfindahl (>, q? where g¢; is director i’s share
of within-year dramas). Bottom-left: number of Douban genres with at least five dramas.
Bottom-right: interquartile range of Douban scores within the year. Source: drama panel
(Yunhe-Douban-Endata). Reading: Top-row panels show the central variety expansion: the
count of active directors more than doubles and director HHI halves, both inside three years
post-cap. Bottom-row panels are ancillary; the active-genre count is approximately flat and
Douban IQR narrows somewhat, consistent with a quality-distribution compaction rather than
further dispersion.

Genre composition and the idol-drama filter. The variety expansion is not
uniform across content types: post-cap supply shifts decisively from spectacle and
star-vehicle genres to narrative-driven ones. The largest gainers in within-year share
are Crime (+3.9pp, nearly doubling from 4.1% to 8.0%), Drama (+3.1), History
(+1.3, 463% relative), Mystery (+1.2), and Costume Drama (+0.8). The largest
losers are Comedy (—6.7pp, —35% relative), Fantasy (—3.3), Sci-Fi (—2.0, —60%),
Action (—1.7), and Adventure (—1.0). Decomposing each shift into an entry-composition
channel (entry directors having a different genre type than incumbents) and an
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incumbent-transition channel reveals that 88-94% of the gain in the rising narrative
genres comes from entry composition: entering directors specialize in different con-
tent types rather than incumbents reinventing themselves. Detailed tables and the
full genre ranking are available from the authors.

These patterns map directly onto the idol-drama ({f&f&El) filter: pre-cap, only
formats compatible with absorbing the top-star fraction in a single budget line item
got made (romance, fantasy, comedy, costume drama), and narrative-driven direc-
tors (the IER tradition—crime, mystery, history) were excluded by the cost floor.
The cap relaxes the bottleneck and admits this previously-excluded segment. The
60 percent of post-cap consumer log-sum-exp utility attributable to entry-margin
dramas (Section fj) is therefore approximately the welfare contribution of a genre—
director combination that the pre-cap business model structurally excluded.

Market entry on the supply side. We complement the broadcast-level evidence
with an announcement-level view from iQIYT’s publicly-disclosed drama pipeline (the
Tencent and Youku rows of the same source lack the announcement-year coverage
required for a time-series read).? Of 400 iQIYT announcements with parsable year,
32 are pre-cap (2015-2018) and 367 are post-cap (2019-2025). Two cross-checks.

1. Production-volume growth. iQIYI announcements scale from 1-18 per year
pre-cap to 49-62 per year post-cap (Figure E, anel a), consistent with the
broadcast-volume expansion reported in Sectionpa

2. Lead-pool widening. Each announcement lists approximately four named leads.
The 32 pre-cap announcements draw on a pool of 111 unique individuals; the
367 post-cap announcements draw on a pool of 765 unique individuals, of
whom 687—fully 90%—are entirely new relative to the pre-cap pool. This is
the actor-side analog of the director-side market-entry finding in Table : the
post-cap streaming market draws on a far wider, far broader pool of named
talent than the pre-cap market did, suggesting that the cap relaxed a binding
budget constraint that had previously excluded the bulk of working actors from
leading roles in this medium.

3This is a sample of platform-announced projects, not the universe of iQIYI productions; the
levels are not directly comparable to the broadcast panel.
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Number of iQIYI announcements

iQIYI Announced-Project Pipeline, 2015--2025
(Source: 02\_rdata/40\_platform\_tv\_plan/platform\_drama.xlsx)

(a) Pipeline volume expansion (b) Lead-pool expansion
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Figure 8: iQIYI Project Pipeline and Lead-Pool Expansion

Notes: Panel (a) plots the number of annual project announcements. Panel (b) plots the
cumulative count of unique named leads across all announcements through the indicated year.
Source: iQIYT publicly-disclosed announced-project pipeline, 2015-2025. Reading: The post-
cap cumulative lead pool is 6.9x larger than the pre-cap pool, with 687 of the 765 post-cap
leads not appearing in any pre-cap announcement. This is the actor-side realization of the
entry margin documented for directors in Section B.1: a broader pool of working talent gains
streaming access after the cap relaxes the production-cost floor.
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Table 18: iQIYT Project Pipeline and Lead-Pool Expansion

Panel A: annual pipeline

Year Announcements Lead slots Unique leads Leads/drama New leads vs. cumulative
2015 1 4 4 4.00 4
2016 5 20 16 4.00 14
2017 8 32 32 4.00 29
2018 18 72 68 4.00 64
2019 28 112 100 4.00 76
2020 49 195 172 3.98 116
2021 56 224 199 4.00 138
2022 54 216 198 4.00 103
2023 62 246 223 3.97 107
2024 61 243 217 3.98 96
2025 57 223 187 3.91 51

Panel B: pre vs. post lead pool

Pre-cap  announce- 32 dramas 111 unique leads
ments (2015-2018)
Post-cap announce- 367 dramas 765 unique leads
ments (2019-2025)

of which in both 78
periods (overlap)

of which new post- 687
cap

Source: iQIYT publicly announced drama production pipeline, by announcement year.
(Tencent N = 183 and Youku N = 103 entries lack reliable announcement-year coverage
and are excluded.)

Column definitions (Panel A). Announcements: count of distinct drama projects iQIYT
announced as in production in that year. Lead slots: total number of billed lead positions
across the year’s announcements, summed over dramas. Each drama lists =~ 4 billed leads
by industry convention. Unique leads: count of distinct named actors appearing in the
F 8 (lead-actor) field of the year’s announcements; an actor billed in two dramas the
same year counts once. Leads/drama: lead slots + announcements (&~ 4 throughout,
confirming the billing convention is stable). New leads vs. cumulative: number of
leads in the year who did not appear in any earlier year’s iQIYI announcement (i.e., the
gross flow of new lead-actor entrants into iQIYI’s pipeline that year).

Panel B definitions. Pre-cap pool: the set of distinct actors appearing as a lead
in any iQIYI announcement during 2015-2018. Post-cap pool: same definition over
2019-2025. Overlap: actors appearing in both pre-cap and post-cap pools (i.e., pre-cap
leads who continued to be cast as leads post-cap). New post-cap: post-cap leads who
never appeared as a lead in any iQIYT announcement during 2015-2018. By construction,
New post-cap = Post pool — Overlap.

Reading: post-cap iQIYT announces 11.5x more dramas (32 vs. 367) but draws on a 6.9x
larger pool of distinct lead actors (111 vs. 765). Of the 765 distinct lead actors in the
post-cap pool, 687 (90 percent) had never appeared as a lead in any iQIYT announcement
before September 2018—they are entirely new lead-actor entrants to the platform. This is
the actor-side counterpart to the director-side entry margin documented in Table [16.
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Implication: differentiation, not channel substitution. The pattern is dif-
ferentiation rather than substitution: the advertising channel remains operational
for high-budget productions of the pre-cap variety, while a subscription channel be-
comes independently viable for low- to mid-budget productions previously infeasible
under the cost floor. The joint effect is positive-sum across viewers (content volume
4-10x%, lead pool 6.9x wider, no withdrawal of existing options), entering producers
and crowded-out talent (687 new leads plus entry-margin directors), and platforms
(the 7, recovery from —8.6% to +23% is the margin on the new channel, not rent
recovered from incumbent top talent whose post-cap project participation is largely
unchanged in volume).

Caveats. Both data sources are partial. The brand-sponsorship panel (Endata)
is a sponsorship registry whose coverage of small productions may be selected (a
< 5-brand drama could be a true long-tail production or an under-recorded entry;
the level of the long-tail share is therefore noisy though the doubling is robust). The
platform-pipeline source is an announcement registry, not a broadcast panel.

D Identification of the Structural Primitives

This appendix states the identifying moment for each deep parameter recovered in
Section B’s pipeline.

D.1 Demand: (a,f,%,¢;)

Standard BLP, identifying restrictions detailed in Section lS:l! Predetermined-VA
spec uses the actor’s pre-2018 work history RZZ <2018 @s the cast-side regressor, re-
moving the post-policy casting-selection channel from identification. BLP-style in-
struments (competitor-characteristic sums) discipline the price coefficient «.

D.2 Bargaining Weight w

The bargaining weight w is identified from the post-cap non-binding subsample. We
use the disclosed N = 10 iQIYI projects whose actor-cost share lies strictly below
the 40% C1_ceiling—i.e., where the cap constraint is slack and the Nash FOC of
Equation (@) holds with equality:

W, = 1-w)V, + wds.
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Rearranging,

W= —-—-". (19)

Source of variation. Equation (@) contains three observables and one structural
parameter:

o V,: BLP-derived marginal revenue (from §@ below).

o W,: observed lead-actor wage, from the N = 10 FJEAZA disclosure rebased
to revenue via the iQIYI year-specific C'/ R ratio.

« dg: calibrated outside option (§@)

w is point-identified from any single (V,, W,,dgs) triple. The sample average of w
over N = 10 projects delivers the central estimate W = 0.768; a 3 x 3 sensitivity grid
over (C/R,ds/R;) yields a [0.70,0.87] band.

Rank condition. Identification requires V, > dg in the data, i.e., the actor’s
marginal contribution to the focal platform exceeds his best non-streaming alterna-
tive. This is verified for every N = 10 project (median V,/R = 0.43, calibrated
ds/R = 0.04). Without this rank condition w would not be identified separately
from ds.

D.3 Marginal Revenue V,

From the BLP demand equation log s, — log som = X5 + &; (Section El], ignoring
random-coefficient terms for V, derivation since Gy, = 0),

6Sjm

ORP

= /Bstar Sjm(l_sjm) ~ Bstar Sjm-

Drama-level revenue is R; = \yARPUqqys + (1 — M) ARPUgyp1) My Sjm, SO

OR,

V., =
ORP

= 5star : Rj : Rfv (20)

where RY is the actor’s standardized popularity index. V,/R; is therefore the BLP
coefficient S, multiplied by the actor’s R, conditional on the drama being pro-

duced. For the representative N = 10 post-cap lead with RY = 1.72 (median
post-cap star _va), V,/R; = 0.43.
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D.4 Outside Option dg (calibration)

dg is calibrated to dg/R; = 0.04, the actor’s non-streaming alternative (broadcast TV
residual + film 4 endorsement year). This corresponds to roughly 12-20M RMB on a
typical post-cap drama (R; ~ 300-500M RMB), consistent with top-actor broadcast
TV per-episode rates (10-30K RMB) and endorsement-year revenue from public
brand-deal data. The sensitivity analysis in Table H sweeps dg/R € {0.02,0.04,0.07},
yielding the w band [0.70, 0.87].

D.5 Entry Cost Distribution ;4
The director-entry probit of Equation (B) satisfies

Pr(Entery; = 1| Fur) = (@> ,

O¢

where zq; = E[(1 — 7,.4)S] — kg — Q4. The Treated indicator picks up the cohort-
level level of (kg — 24)/0.: locked-out directors have higher net entry costs than
incumbents. The recovered MLE estimate //B\’I\reated = —1.01 (Table @) identifies this
normalized cohort gap.

A full point-identification of the k4 distribution separately from 2, requires either
(i) cross-medium panel data on directors’ outside-medium earnings, or (ii) a para-
metric assumption on €2, that breaks the (kg4, 24) collinearity. We pursue neither in
the current draft; the probit estimate is sufficient for the counterfactual exercise of
Section B

D.6 Cap Shadow Price ;¢! (Producer FOC)

The producer FOC of Equation (H) delivers p$' = (1 —7,;) - L{W; > Wina}. Under
the post-cap Nash regime, W* = 0.146R; < 0.216R; = Wjnq even for top leads, so
ujcl = 0 throughout. Under the pre-cap Bertrand regime, W* — V, > Wi,q for top
stars, so ujcl = 1 at the Bertrand limit. The cap’s mechanism is therefore the regime
switch (Section p.2), not a binding constraint within Nash.
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E Equilibrium Transition: Stage-by-Stage Walk-
through

E.1 Formal Payoff Matrices and Dominance Proofs

This subsection states the 2 x 2 payoff matrices and the full dominance arguments
behind Propositions [ll and

Setup. K = 3 symmetric platforms simultaneously choose (ag,gr) € {Y,N} X
{I, N} where a; = Y acquires a top star at wage W and gy = I chooses an idol-
drama flagship. Total streaming-audience demand is normalized at s across the
three platforms; the advertising-revenue technology is f(sg; Ax) - M with f” > 0.
The drama production budget binds at B: W + Cys(gr) < B with Cye(I) = ¢ and
Cns(N) =c,c<c.

For exposition, fix g = [ for all k¥ and consider the a-margin only; then condition
on ay =Y and consider the g-margin.

Pre-cap (Proposition E]) the a-margin. Reduce to K = 2 symmetric platforms
for clarity (the K = 3 case generalizes term-for-term, see below). Audience share is
allocated proportionally among platforms that play Y'; platforms playing N receive
zero. The induced 2 x 2 game (rows: k’s action; columns: —k’s action) with payoffs
net of cost is

a_k:Y CL_k:N
ay=Y | f(5/2)M —W | f(5)M —W
ap =N 0 FO)M =0

For Y to be a strict best response at the rival-Y node we require f(5/2) M —W >
0, ie. W < f(5/2) M. For Y to be a strict best response at the rival-N node we
require f(§) M — W > 0, i.e. W < f(5) M. Convexity of f gives f(5) > 2f(5/2) by
Jensen, so f(5) M > f(5/2) M and the second condition is implied by the first.

The auction-clearing wage equals the marginal value of the star from acquiring
it given symmetric rival behavior: W* = f(5/2) M (the value at which the rival-Y’
row breaks even). At any W < W*, the rival-Y best response is strictly Y and rivals
will outbid; at any W > W*, the rival-Y best response is N and k would not have
bid that much. So W — W* = f(5/2) M in equilibrium. At W*, both rows tie at
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the rival-Y node and Y strictly dominates at the rival-N node; hence (Y,Y') is the
unique pure-strategy Nash equilibrium of the a-margin reduction.

For K = 3, the same construction with W* = f(5/3) M yields the unique
pure-strategy equilibrium (Y,Y,Y’) by the same indifference-at-one-margin / strict-
dominance-at-the-other argument, because f(5) > 3f(5/3) holds by convexity for
any 5 > 0. l

Pre-cap: the g-margin given a;, =Y. Ata, =Y, the budget constraint binds at
W* + Chs(gr) = B. Under the auction-clearing condition W* — f(5/3)M (Bertrand
limit), the residual non-star budget is B — W*. By the maintained hypothesis B —
W* € [c,é), only gp = I is feasible: Cy(I) = ¢ < B — W* < & = Cy(N). Hence
gr = I uniquely. B

Post-cap (Proposition ): the g-margin given a;, = Y. Impose W < W <
W*. The residual non-star budget rises to B — W > B — W*. If the cap is loose
enough that B — W > ¢, then g, = N becomes feasible.

Consider the induced 2 x 2 game with rows for k’s genre and columns for —k’s
genre (with ay = a_; =Y fixed for both, K = 2):

g—k:] g_k:N
gr=1 | f1(5/2)M =W —c | fi(5HM —W —¢
gp=N| fNG)M—-W—¢ | fn(3/2) M —W —¢

where f;, fx are the convex revenue functions on the idol vs. narrative tier (the nar-
rative tier blends advertising and subscription, \; smaller), and the share allocation
favors the differentiated genre: if g, # g_x, the deviating platform captures the full 5
in its tier (idol audience and narrative audience are non-substitutable in the relevant
horizon).

Define A = ¢ — ¢ > 0 (extra non-star cost of narrative) and consider k’s best
response to g_g:

Case 1: g, =1. g, = N yields fy(5) M —¢; gp = I yields f;(5/2) M — c¢. The
deviation g = N is strictly better iff fy(5) M — f;(5/2) M > A. Call this condition
(D).

Case 2: g = N. gp = I yields f;(5) M —c¢; g, = N yields fn(5/2) M —¢. g, =1
is strictly better iff f;(5) M — fn(5/2) M > —A, ie. iff fi(5) M + A > fn(5/2) M.
Call this condition (I).
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Genre-asymmetric equilibria exist when (D) and (I) hold simultaneously. (D)
says the unique narrative deviator captures the full narrative-tier revenue fy(s) M,
which exceeds the idol-tier share-split f7(5/2) M even after paying the cost pre-
mium A. (I) says the idol incumbent retains preference for idol when the rival has
deviated to narrative (f; captures the full idol-tier 5). Both conditions are simul-
taneously consistent with parameter values that satisfy fy(5) M — f1(5/2) M > A
and fr(5) M > fn(5/2) M — A: eg., f1(5) = fn(5) with A small relative to the
share-split gain f7(5) — f1(5/2).

Symmetrically, (I, I) remains an equilibrium when (D) fails (no profitable narra-
tive deviation); (N, N') becomes an equilibrium when the analog condition holds with
I and N swapped. The cap therefore admits up to four pure-strategy genre config-
urations {(/,1),(I,N),(N,I),(N,N)} as Nash equilibria under different parameter
cells, in contrast to the unique (I, I)¥ outcome required pre-cap.

For K = 3, the same construction yields the family of configurations {(Y, )™ x
(Y,N)>™:0 < m < 3} as candidate Nash equilibria, with equilibrium selection de-
termined by the joint sign of conditions (D) and (I) at the relevant share allocations.
|

Why the pre-cap equilibrium is no longer uniquely supported. Equiva-
lently to the above: under W < W*, the strict dominance argument for g, = I (which
required B — W* < ) is broken. Strategy gx = NN is now feasible, and best-response
considerations among rival genres select among multiple equilibria. Empirically, the
observed shift toward narrative-genre dramas (Crime, Mystery, History) post-cap is
consistent with the family of multi-content equilibria selected by the cap. B

F Actor Cost Share: iQIYI Disclosed Subsample

We report the distribution of lead-actor compensation as a share of content produc-
tion cost on the disclosed subsample of N = 10 projects in iQIYI’s internal nexus
panel for which both F3ERZ (lead-actor cost) and RBHIEZR (content production
cost) are reported. The subsample is used as a calibration target for the producer-
budget constraint of Section §.2, Zae A W, < Wiotal, and not as a stand-alone test
of the cap’s effect.

What the subsample tells us, and what it does not. All ten projects in the
subsample have release year between 2023 and 2027 (five released by the end of 2025,
four in the 2026-2027 pipeline, one with release date pending). The subsample is
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therefore entirely post-cap. The actor cost share ranges from 5.5 percent to 25.3
percent of content_cost (mean 16.8%, median 17.2%), well below the 40% statutory
ceiling of Section R.1. Without a pre-cap observation in the same panel we cannot
identify the cap’s causal effect on the cost-share distribution from this subsample
alone. Industry trade reports document pre-cap top-star compensation at 50-70
percent of total production cost (see, e.g., Vlinkage and Guduo Media (B Z1&E1K)
industry briefings, 2016-2018); these are above the post-cap ceiling and above the
maximum we observe in the post-cap subsample, but the comparison crosses data
sources and is not internal-panel identification.

The most defensible reading of the subsample is twofold. First, it calibrates the
right-tail of the producer-budget constraint: post-cap, the binding share on a typical
disclosed iQIYT project sits well under the 40% ceiling, which the structural model
(§11.2) treats as a binding constraint only on the right tail of star-vehicle productions
absent from the disclosed sample. Second, it confirms that the disclosed iQIYI
internal panel oversamples projects requiring internal tracking and likely excludes
star-vehicle productions where the cap actually binds; we treat the resulting cost-
share distribution as a lower bound on the full firm-level distribution.
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Actor Cost Share, iQIYI Disclosed Subsample (N = 10)
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Figure 9: Actor Cost Share, iQIYT Disclosed Subsample (N = 10)

Notes: Histogram of lead-actor compensation as a share of content production cost across
N = 10 iQIYI projects with both FEEM A and ABHIELE disclosed. Vertical lines
indicate the 40% statutory cap and the maximum observed share. All ten projects are
post-cap (release year > 2023). Source: iQIYT internal nexus project panel. Reading: The
post-cap disclosed maximum sits well below the statutory 40% ceiling; the panel does not
contain pre-cap projects with which to identify a treatment effect.
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Table 19: Actor Cost Share, iQIYT Disclosed Subsample

N (disclosed actor + content cost) 10
Minimum actor share 5.5%
25th percentile 13.3%
Median actor share 17.2%
75th percentile 21.8%
Maximum actor share 25.3%
Mean actor share 16.8%
40% statutory cap binding in any disclosed project? No
Release years of disclosed projects 2023-2027 (all post-cap)

Notes: The disclosed actor-cost-share subsample is the intersection of projects reporting
both lead-actor cost (FEJEAA) and content production cost (RBHIFELE), N = 10. All
ten projects in this subsample have release year between 2023 and 2027 (five released by the
end of 2025, four in the 2026—2027 pipeline, one with release date pending). The subsample
therefore provides no pre-cap observation, and we cannot identify the cap’s causal effect on
actor cost share from this panel alone. Industry trade reports document pre-cap top-star
compensation at 50-70 percent of total production cost (Vlinkage and Guduo Media (‘&
ZMEW) industry briefings, 2016-2018); these are above the post-cap 40% statutory ceiling
and above the 25% disclosed maximum we observe in this subsample. The subsample is
useful as a calibration target for the producer-budget constraint in the structural model
(Section @) but does not by itself identify the cap’s effect.

G Equilibrium Propositions: Statements and Proofs

G.1 The Pre-Cap Single-Content Equilibrium

The narrative framing of Sections m and @Lthat the pre-cap market was a self-
reinforcing loop in which top-star compensation, advertising revenue, and the production-
budget cost floor jointly sustained an idol-drama monoculture—is captured formally

as a fixed point of the platforms’ joint best-response. We state the result here in its
most stripped-down form; a stage-by-stage expansion with payoff-matrix details is

in Appendix [E.

Consider K symmetric platforms that simultaneously choose actions (ax, gx) €
{Y,N} x {I, N}, where a;, = Y acquires a top traffic star at the prevailing wage
and g = I commits to an idol-drama flagship (versus gy = N, a narrative drama).
Platform payoffs are

Wk(ak,gk; afkagfk> = f(5k<akagk§ CLk;Q—k)) M - W ]l{ak = Y} - Ons(gk)a
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where f” > 0 encodes a convex advertising-revenue technology, C,s(I) < Cys(N)
reflects that narrative production requires more non-star ensemble and craft input,
and the production-budget constraint W + Cys(gx) < B binds. These two features—
convexity of f and the binding budget floor—are the necessary primitives behind the
single-content trap, and the propositions below turn each on in sequence.

Proposition 1 (Pre-cap single-content equilibrium). Under no cap on W, with
f" > 0 and C,s(N) > B — W* at the auction-clearing wage W*, the symmetric
pure-strateqy Nash equilibrium is (ag, gr) = (Y, I) for all k, and it is unique within
the symmetric class.

Proof sketch. Step 1: Y is strictly dominant given any rival action. Convexity of f
implies the marginal contribution of acquiring the star strictly exceeds its share-split
loss, so mp(Y,-) > mi(N,-) for any (a_x,g-r) and a, =Y is strictly dominant.

Step 2: Given a; =Y, g = [ is the unique feasible choice. The budget con-
straint at a, = Y becomes C,(gx) < B — W*. By assumption C,,(N) > B — W*
and C,,(I) < B — W*, so g, = I is the only feasible (and hence optimal) choice.
Symmetry across k delivers the unique symmetric equilibrium (Y, I)¥. O

The single-content equilibrium thus rests on exactly two primitives: convex ad-
revenue technology and a binding non-star budget constraint. Eliminating either
breaks it—without convexity the auction dynamic in Step 1 of Proposition [l| fails,
and without the budget floor narrative entry becomes feasible at W*. The cap
operates precisely on the second: by lowering W it relaxes B — W above C, (N),
which is the hypothesis of Proposition 2.

Proposition 2 (Post-cap multi-content equilibria). Impose the binding constraint
W < W < W*. Provided the cap admits narrative production—i.e., B-W >
Chs(N)—there exists a family of pure-strateqy Nash equilibria in which some plat-
forms play (Y, I) and the remainder play (Y, N) or (N, N). No single-content sym-
metric equilibrium is selected by best response; in particular the pre-cap (Y, I)X
remains feasible but is no longer uniquely supported.

Proof sketch. Step 1: Feasibility of narrative. The budget constraint at a = Y
gives Cps(gr) < B — W. The hypothesis B — W > C,,,(N) makes g, = N feasible in
addition to g, = I.

Step 2: Failure of uniqueness. Given a_p = Y for all rivals and a mixture
of g_ € {I,N}, platform k’s best response depends on whether f’s share-split
penalty from playing the same genre as a rival exceeds the marginal cost of narrative
production. Both g = I and g, = N can be best responses along the locus where
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these forces balance, supporting asymmetric-genre equilibria (Y, I)™ x (Y, N)5=™ for
m € {0,1,..., K}. The previously-excluded narrative-type producer (Section {.9) is
no longer locked out. [

The two propositions together pin down the mechanism connecting the policy
to the empirical findings; Appendix [E| contains the explicit 2 x 2 payoff matrix and
the parameterized best-response correspondence used to construct the equilibrium
family {m : 0 <m < K}.

G.2 Equilibrium Transition

The market evolves through three chronological phases. In Stage 1 (¢ < 2018), the
advertising-driven revenue technology rewards viewership concentration on a single
top star, generating a classical prisoner’s dilemma among the platforms in which the
dominant strategy is to acquire the top star and the resulting Nash outcome features
sky-high star wages and uniformly negative platform residuals. In Stage 2 (September
2018), the salary cap removes the dominant “acquire” action from the strategy space
by making it infeasible rather than merely costly, eliminating the prisoner’s dilemma
without explicit collusion. In Stage 3 (¢ > 2019), the platforms pivot from advertising
to subscription, reallocate production budgets from above-line star wages to ensemble
and craft inputs, and shift toward in-house production; talent’s Bellman returns to
popularity capital fall while returns to quality capital rise. Appendix E provides the
formal stage-by-stage derivation, including the payoff-matrix and dominance proofs
for Stage 1, the commitment-device argument for Stage 2, and the Nash-bargaining
solution for the post-cap surplus split in Stage 3.

H Untargeted Matching Validation

H.1 Actor—Director Matching: Model Predictions vs. Ob-
served Shifts

The model places no direct restriction on which actor types match with which director
types; matching is the equilibrium of the producer’s cast-portfolio program (Equa-
tion (a)) given the BLP-implied V, and the post-cap Nash wage schedule. Observed
pairwise shifts in the actor—director match are therefore an untargeted structural
prediction: if the demand, bargaining, and entry parameters of Sections cor-
rectly characterize the post-2018 equilibrium, the model should reproduce who pairs
with whom by tier and how those pairings shift.
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Type definitions. Following the matching panel constructed in Section @, we
classify actors into three tiers (low, mid, high) by pre-2018 popularity-VA terciles,
and directors into three tiers (idol, mid, narrative) by pre-2017 director-quality ter-
ciles. The lead-role cross-tab is computed separately for the pre-cap window (2015-
2018, N = 215 matches) and the post-cap window (2019-2025, N = 691 matches),
and we examine the post-minus-pre shift in each of the nine cells.

Observed shifts. Three patterns emerge:

o Low-VA actors move toward narrative directors. Their share matched with idol
directors falls 8.7 pp; mid-quality share rises 7.0 pp; narrative share rises 1.6

pp.
o Mid-VA actors also move toward narrative. Their narrative-director share rises
5.4 pp post-cap.

o High-VA actors concentrate further on idol directors. Their idol-director share
rises post-cap, indicating that the post-cap variety expansion does not come
from top-tier stars re-allocating across genres but from the lower-VA pool en-
tering new genres alongside new directors.

Structural prediction. We estimate a multinomial logit of director-tier choice on
(actor-tier dummies x post-cap indicator) along with the BLP V, project revenue R,
and post-cap-policy interactions, fitting to the project-level matches. The reduced
parameter set encodes the structural cross-substitutability that the producer’s pro-
gram implies, given the demand and bargaining estimates. The model is then used
to predict the nine pre-cap cells and the nine post-cap cells (18 cells total).

Fit. The cell-level root-mean-square error across the 18 cells is 2.8 percentage
points (Figure ) The model reproduces the qualitative direction of every ma-
jor shift:

e Low-VA actors’ move out of idol directors: 32— 24% observed, 33 — 23%
predicted.

o High-VA actors’ move toward idol directors: 15— 20% observed, 14 — 18%
predicted.

o Mid-VA actors’ narrative-director share increase (+5.4 pp observed, +4.7 pp
predicted).
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Two-sided matching: model-implied vs.\ observed (cell RMSE =2.8 pp)

Pre-cap: observed Pre-cap: predicted

L L
(lowva) 32% 28% 40% (lowva) 33% 32% 35%
@ @
f=d =
= M = M
§ (midva) | 26% 41% 33% § (midva) | 23% 37% 39%
51 51
< <
H | » H |
(high VA) 15% 37% 48% (high VA) 14% 41% 45%
L (idol) M (mid) H (narrative) L (idol) M (mid) H (narrative)
Director type Director type
Post-cap: observed Post-cap: predicted
L L
(low VA) 24% 35% 41% (low VA) 23% 37% 40%
@ o
2 =
= M = M
§ (midva) T 23% 38% 39% § (midva) T 22% 37% 41%
51 51
< <
H H
(high vA) | 20% 35% 45% (high VA) | 18% 37% 45%
T T T T T T
L (idol) M (mid) H (narrative) L (idol) M (mid) H (narrative)
Director type Director type

Figure 10: Actor—director matching: structural prediction (multinomial logit) vs.
observed shares, by actor tier x director tier x period. RMSE across 18 cells = 2.8
pp; the model reproduces both the magnitude and direction of the three post-cap
shifts: low-VA actors out of idol directors, high-VA actors into idol directors, mid-VA
actors into narrative directors. The match-margin shift is an untargeted prediction
of the demand-and-bargaining estimates.

Interpretation. The matching shift is not a separate empirical fact but the equilibrium
consequence of the variety expansion documented in Section B. The lower-VA actor
pool, freed from the cap-rationed top-star slots, redistributes toward narrative di-
rectors who would not have been viable counterparties under the pre-cap Bertrand
regime; top stars remain on idol projects because the cap binds only at the cost-
share margin, not at the casting margin. That the matching shift is reproduced at

2.8 pp RMSE—a substantively tight fit on a 1-45% cell-share scale—is the sharpest
untargeted validation of the producer-side model.
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I Robustness of the Structural Estimates

I.1 Robustness of the Structural Estimates

The endogenous-regime estimates of Section @ rest on two quantitative choices that
warrant explicit robustness analysis: (i) the EV-scale parameter o, on the logit
regime-choice probability, which is calibrated rather than fit jointly; and (ii) the
deterministic treatment of project costs C; conditional on observables. We address
each in turn.

Sensitivity to the regime-choice scale o0,e. The baseline specification fixes
Oreg = 0.50, the value that ties down the regime-choice logit while keeping the implied
uncertainty band on Pr(M | j,t) commensurate with the within-year cross-sectional
spread of make-share. We re-estimate the remaining four parameters (Akg, ag, @, A)
on a grid of oy € {0.05,0.10,0.15,0.20, 0.30, 0.50,0.75,1.00} (Table E) The head-
line mechanism estimates are stable across this range: ¢ stays in [0.73,0.998] across
all values of o,e; > 0.10 and saturates at 0.998 for o, € [0.15,1.00]; h) stays in
[0.58,0.70]/yr. Only the smallest scale (0,q = 0.05) yields qualitatively different
estimates (a corner solution with @ = 0.30 and ap ~ 0), reflecting that an extremely
sharp logit forces the level of the make-share through a very different Axg. SSE
is minimized at o, = 1.00 (0.0063) but the baseline choice (0.50, SSE = 0.0075)
is within 0.001 of the minimum and is the value at which the implied within-year
regime variance matches the disclosed project-level spread.

Table 20: Sensitivity of the structural estimates to the regime-choice EV-scale 0.
The pre-cap Bertrand intensity ¢ saturates at 0.998 for oy, € [0.15,1.00] and the

capability decay A stays in a tight band [0.58,0.70]/yr.

Oreg ZZO ;\\ aB,poSt SB SSE

0.05 1.148 0.400 0.002 0.302 0.0286
0.10 1.326 0.675 0.998 0.734 0.0239
0.15 1.476 0.701 0.998 0.963 0.0166
0.20 1.569 0.700 0.998 0.998 0.0127
0.30 1.731 0.681 0.998 0.998 0.0095
0.50 (baseline) 2.054 0.640 0.990 0.998 0.0075
0.75 2477 0.598  0.948 0.998 0.0067
1.00 2.927 0.576  0.925 0.998 0.0063
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Within-project cost dispersion. The baseline specification treats C; as deter-
ministic conditional on project observables (a single revenue-and-cost disclosure se-
ries per year, scaled to project level by content hours and tier). Disclosed cost
panels for individual dramas (Section @J show within-tier ranges spanning a factor
of three to five, which the baseline cannot accommodate. We re-estimate adding a
multiplicative log-normal cost shock,

@ = Cjexp(ocn;), nj ~N(0,1) iid across projects, (21)

treating o as an additional free parameter and integrating the regime-choice prob-
ability over n; by Monte Carlo with Ny, = 50 draws per project. The estimated
shock standard deviation is oo = 0.038 (log scale), small relative to the structural
make-buy gap Ax(t) € [0.06,2.05] but enough to soak up the within-tier dispersion.
Estimates of the other parameters shift by less than one percent versus the baseline:
© remains at 0.998; A = 0.638/yr (vs. baseline 0.640); Ary = 2.061 (vs. 2.054);
w = 0.768 (held from the prior step); SSE falls slightly from 0.0075 to 0.0073. The
cost-RC extension does not move the headline mechanism estimates: the identify-
ing variation in the project-level make-share trajectory is dominated by the regime
switch (¢, Ak(t)), not by within-tier cost heterogeneity.

s13c: cost RC robustness
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Figure 11: Robustness with per-project cost dispersion: 6’]- = Cjexp(oen;), Neim =
50 Monte Carlo draws per project. The cost-RC fit (dashed) and the baseline fit
(dotted) are visually indistinguishable from the observed 20-F series (solid); the
estimated dispersion oo = 0.038 leaves @ at 0.998 and \ at 0.638/yr.
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Conclusion. Both robustness exercises leave the paper’s two headline structural
findings unchanged: the pre-cap auction was at near-saturation (@ = 1), and the
post-cap capability buildup proceeded at =~ 0.6 /yr. Neither the scale-of-the-logit
nor the within-tier cost dispersion is the source of identification: the trajectory of
the iQIYT yearly self-produced share is.

J Ruling Out Alternative Interpretations

J.1 Ruling Out Alternative Interpretations

The identification claim of the previous subsections is that the 2018 salary cap acts
as a coordination device that displaces the streaming market from a low-7, to a high-
Ap equilibrium and simultaneously opens a long-tail content channel. We consider
four alternative interpretations that could in principle generate the post-2018 pat-
tern documented above without invoking an equilibrium-switching mechanism: (i) a
smooth technology transition in streaming distribution that mechanically compresses
content unit costs over time; (ii) a global rise in willingness-to-pay for video subscrip-
tion driven by income elasticity; (iii) a labor-cost shock that mechanically lowers the
cost-of-revenue line without any reorganization of the production margin; and (iv)
an industry S-curve in which the SVOD sector consolidates around the dominant
platforms after 2018 regardless of policy. This subsection presents evidence against
each in turn and summarizes the joint pattern in Table R1I.

(i) Smooth technology transition. Streaming-distribution technology—adaptive
bitrate encoding, content-delivery networks, and mobile broadband penetration—
improved continuously across 2014-2022 in both the United States and China. If
the iQIYT 2018-2019 movement in 7, reflects technology rather than policy, the
series should be well approximated by a single smooth trend, and a US platform
operating on the same technological frontier should exhibit the same trajectory.
Figure overlays 7, for Netflix and iQIYI over 2014-2022. Netflix’s series
rises monotonically from 32.0 percent in 2014 to 39.4 percent in 2022 at a roughly
constant pace of 1.2 percentage points per year; a single linear trend fitted to the
full window achieves R? = 0.84. iQIYT’s series is nonmonotonic. Between 2016 and
2018, 7, falls from —1.8 percent to —8.6 percent—the opposite sign of Netflix’s 1.2
percentage-point annual drift—before reversing direction and rising to 23.0 percent
by 2022. A single linear trend fitted to the iQIYI window achieves only R? = 0.62.
The decisive piece of evidence is the pre-cap direction. Figure fits a linear
trend to iQIYT’s pre-cap years 2016-2018 and extrapolates forward. The pre-cap
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trend points downward and predicts /7\;%22 = —20.5 percent; the realized value is
23.0 percent, a gap of 43.5 percentage points (Table @) A smooth-technology
interpretation must therefore explain both why iQIYT’s pre-cap trajectory had the
opposite sign of the US benchmark and why the post-cap reversal coincides with the
policy date.

The Chow F-statistic at the 20182019 break attains p = 0.150, which fails to
reject the no-break null at the conventional 5 percent level. With 7' = 7 annual
observations the test has limited power, and we therefore treat the extrapolation
gap, rather than the Chow p-value, as the principal piece of evidence.

(ii) Income-elasticity-driven willingness-to-pay. If post-2018 margin recov-
ery reflects rising willingness-to-pay for streaming content driven by income growth,
two implications should follow: the recovery should appear across the global SVOD
sector, and it should operate through the revenue line rather than the cost-of-revenue
line. Neither holds. Netflix’s revenue grew at a similar compound annual rate across
2014-2022 without producing any discontinuity in 7, (Figure ), which rules out
willingness-to-pay growth as a sufficient condition. On the cost side, iQIYT’s 2018—
2022 movement is driven by a decline in cost-of-revenue in absolute terms (from
RMB 27.1 billion in 2018 to RMB 22.3 billion in 2022) while revenue remains
flat. An income-elasticity mechanism predicts the opposite ordering—revenue ris-
ing while costs are flat or rising—and the realized pattern is therefore consistent
with a production-side, rather than demand-side, reorganization.

(iii) Labor-cost shock. A purely mechanical reading of the cap is that capping
above-line actor pay at 40 percent of total production cost lowers cost-of-revenue by
the corresponding amount and produces no further adjustments. Under this view,
the gain in /y\;iy should be approximately equal to the share of actor compensation
in content cost prior to the cap. The per-drama cost decomposition in Section
shows that disclosed actor cost shares for iQIYD’s tracked productions are below 25
percent even in the binding pre-2018 years, with the binding subsample concentrated
in a small number of top-traffic projects. Translating these shares mechanically to
platform-level cost generates a level shift well below the observed 32-percentage-point
swing.

The labor-cost interpretation also cannot accommodate two further margins of
adjustment. First, the within-actor reorganization documented in Section : high-
reputation actors do not simply accept lower lead-role fees, but redirect effort toward
brand endorsements (p(Aendor, Alead high) = —0.18 in the top rating bin). Second,
the cross-medium director reallocation in Table : directors with substantive pre-
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policy credentials in adjacent media segments enter streaming only after the cap
relaxes the production-cost floor that had previously made non-star-vehicle streaming
productions infeasible. The pattern of who reallocates effort, and toward what,
requires the cap to operate not as a wage cut but as a constraint that shifts the
relative profitability of distinct production technologies.

(iv) Industry S-curve consolidation. A standard industry-lifecycle reading is
that the SVOD sector naturally consolidates around dominant platforms after a
competitive expansion phase and that consolidation alone delivers margin expansion.
Two pieces of evidence weigh against this interpretation. First, iQIYI’s revenue
does not grow post-2018 in the way a consolidation story would require: revenue is
essentially flat from 2020 to 2022 (RMB 29.7, 30.6, and 29.0 billion), so the post-cap
recovery in 7,; comes from cost compression rather than from scale economies on
the revenue side. Second, the long-tail content margin documented in Section

is not concentration-friendly: post-2018 high-quality dramas are disproportionately
directed by entry-margin directors (81.9 percent; Panel C of Table ﬁ), the opposite
of what consolidation around incumbent star-vehicle producers would predict.

Joint pattern. None of the four alternatives predicts the joint pattern we docu-
ment: a pre-cap trajectory of the opposite sign from the US benchmark, a post-cap
level shift in 7,, that exceeds the mechanical labor-cost prediction by an order of
magnitude, a cross-medium reallocation of directors into streaming, and a 2018-2019
break absent from a US platform on the same technological frontier. Table P21 sum-
marizes the mapping between each alternative, its observable prediction, and the
conflicting empirical evidence.
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Table 21: Empirical Evidence Against Alternative Interpretations

Alternative interpre-
tation

Empirical prediction

Evidence against

(i) Smooth technology
transition

(ii) Income elasticity of
willingness-to-pay

(iii) Labor-cost shock

(iv) Industry S-curve
consolidation

Single linear trend in 7,
matching a comparable US
platform

Recovery operates through
the revenue line and appears
across the global SVOD sec-
tor

A%, approximately equals
the pre-cap actor-cost share

Margin gain operates
through revenue scale and
concentrates with incumbent
producers

iQIYT pre-cap slope has the
opposite sign from Netflix;
pre-trend extrapolation gap
of 43.5 pp (Figures and

)
iQIYI 2018-2022  cost-of-
revenue declines in absolute
RMB while revenue is flat;
Netflix shows no comparable
break

Disclosed actor-cost share
below 25 percent but 7,
swing of 32 pp; within-
actor endorsement substitu-
tion and cross-medium di-
rector reallocation are unex-
plained (§@)

iQIYI revenue flat 2020-
2022; 81.9 percent of post-
cap high-quality dramas di-
rected by entry-margin di-

rectors, not incumbents (Ta-
ble [ud)

Notes: Each row pairs an alternative interpretation of the post-2018 iQIYT pattern with its observ-

able prediction and the empirical fact that conflicts with that prediction. The four interpretations
are not mutually exclusive; the cumulative weight of evidence across rows is what supports the
equilibrium-switching identification.
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iQIYT vs.\ Netflix: Bargaining-Share Proxy, 2014--2022
Netflix Chow F=11.57 (p=0.02), single-trend R>=0.84 | iQIYI Chow F=2.89 (p=0.15), single-trend R?>=0.62

401 W\.
S

30 1
Netflix drift:
+5.2pp

20 1

=1- Cost of Revenue / Revenue (%)

Ip.t

0 Py /
QIYI jump:
+12.1pp == Netflix (US, no policy intervention)
=@~ iQIYI (China, salary cap Sep 2018)

10 Netflix linear fit (R =0.84)
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Figure 12: iQIYT vs. Netflix bargaining-share proxy, 2014-2022. Netflix’s series is
well approximated by a single linear trend (R? = 0.84) with no detectable break
at 2018-2019; iQIYT’s series is nonmonotonic, with a pre-cap downward drift and a
sharp post-cap recovery. Sources: Netflix Form 10-K and iQIYT Form 20-F filings,
2014-2022 and 20162022 respectively.
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Gap = +43.5pp
iQIYI Bargaining-Share Proxy: Structural Break at 2018&di9al vs.\ pre-trend)
Chow F=2.89, p=0.150 | SSR-min break date: 2020 | Ay, (post-pre) = +12.1pp

20 A

=1- Cost/Revenue (%)

Ip.t

—~104

@ 7y (realized)

—— Précap{(2016-18) linear fit
Pre-cap trend cxl@olalcd
O  Pre-trend prediction for 2022 (-20.5%)

—201
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Figure 13: Structural-break diagnostic on iQIYI 7,:, 2016-2022, with the pre-cap
linear trend (estimated on 2016-2018) extrapolated forward to 2022. The extrapo-
lated 2022 value is —20.5 percent; the realized 2022 value is 23.0 percent, a gap of

43.5 percentage points. Source: iQIYI Form 20-F filings, 2016-2022.
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Table 22: Structural-Break Diagnostic on 7, ;

(a) Chow F-test at 2018—2019 break

Pre-break mean 7, (2016-2018) -3.47%
Post-break mean 7, (2019-2022) +8.61%
Level shift +12.08pp
Chow F'-statistic 2.888
Chow p-value 0.1500

(b) Break-date search (SSR-minimizing)

Break at 2017: SSR = 651.40x10~*
Break at 2018: SSR = 630.17x104
Break at 2019: SSR = 432.97x10~*
Break at 2020: SSR = 198.79x10~% <« optimal

(¢) Pre-cap trend extrapolation to 2022

Pre-cap slope (20162018, A7, /year) -3.40pp
Pre-cap intercept (at 2016) -0.06%
Pre-trend prediction for 2022 -20.48%
Realized 2022 7, +23.03%
Gap (realized — pre-trend) +43.51pp

Notes: Sources: iQIYI, Inc. Form 20-F filings, 2016-2022;
T = 7 annual observations. Panel (a) reports a Chow test
that compares the unrestricted two-mean model (pre- and
post-2019 means) to the pooled single-mean null. Panel (b)
recomputes the sum of squared residuals under each can-
didate break date in {2017,2018,2019,2020} and identifies
the SSR-minimizing date. Panel (c) fits a linear time trend
to 2016—2018 and extrapolates it forward to 2022, reporting
the gap to the realized value.

Reading: The Chow F-test at the 2018—2019 break attains
p = 0.150, which fails to reject the no-break null at the 5
percent level; with T" = 7 the test is underpowered, and
the gap in panel (c) is the principal piece of evidence. The
SSR-minimizing break date is 2020. Under the pre-cap lin-
ear trend, the predicted 2022 value of 7, is —20.5 percent;
the realized value of +23.0 percent exceeds the prediction
by 43.5 percentage points. Alternative interpretations op-
erating through smooth technology or income trends do not
predict a discontinuity at the policy date.
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Table 23: Netflix vs. iQIYI: 7, Trajectories

Netflix (US) iQIYT (China)
(a) Pre vs. post 2018-2019 means of Yp¢, 20162022 window
Pre-2019 mean +34.37% -3.47%
Post-2019 mean +39.54% +8.61%
Level shift +5.18pp +12.08pp
(b) Chow F-test at the 2018—2019 break
Chow F 11.572 2.888
Chow p-value 0.019 0.150
(c) Single-trend linear fit on the full 2016-2022 window
Slope (A7, /year) +1.40pp +3.90pp
R? 0.836 0.623

Notes:  Sources: Netflix, Inc. Form 10-K filings and iQIYI,
Inc. Form 20-F filings, 2014-2022 and 2016-2022 respectively (the
SEC-disclosed window available for each issuer). 7,; = 1 —
Cost of Revenue;/Revenue; for each platform. Cost of revenue cov-
ers content amortization, streaming delivery, and platform operating
costs under both reporting standards.

Reading: Netflix and iQIYT operate on the same underlying stream-
ing technology and overlapping monetization models, but only iQIYI
was subject to a 2018 talent-compensation policy intervention. Un-
der the alternative interpretation that the iQIYT 2018-2019 break is
driven by sector-wide technology, content-cost amortization mechan-
ics, or industry S-curve consolidation, the Netflix series should exhibit
a comparable 2018-2019 acceleration. Empirically, Netflix’s 7, is
well approximated by a single linear trend with R? = 0.84; the post—
pre level shift of 5.2 percentage points is small relative to the iQIYI
shift of 12.1 percentage points. Although the Netflix Chow test at-
tains p = 0.019 owing to the low residual variance around a tight
linear trend, the absolute magnitude of the Netflix shift is an order
of magnitude smaller than iQIYT’s, and the Netflix series exhibits no
change in slope at the 2018-2019 boundary.
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