Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Impact of National Medical Insurance Purchases
for Innovative Drugs on Pharmaceutical Firm R&D
Investment—A Policy Study Based on Medical
Insurance Access Negotiation in China

Fenghong Yang
China Pharmaceutical University

Fanyue Meng
China Pharmaceutical University

Rui Wang
China Pharmaceutical University

Lu Zhang

China Pharmaceutical University
Jinxi Ding

China Pharmaceutical University
Jiaming Li

2443015398Rqq, com

China Pharmaceutical University

Research Article

Keywords: Chinese medical insurance access negotiation, pharmaceutical firm, R&D investment, DID
model, innovation incentive

Posted Date: September 25th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-10791693/v1

License: €© @ This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-10791693/v1
https://doi.org/10.21203/rs.3.rs-10791693/v1
https://doi.org/10.21203/rs.3.rs-10791693/v1
https://creativecommons.org/licenses/by/4.0/

[a—y

[98)

B

O 0 3 O

10

12

13
14
15
16
17
18
19
20
21
22

23

24

25
26
27
28
29
30
31
32

Impact of National Medical Insurance Purchases for
Innovative Drugs on Pharmaceutical Firm R&D
Investment—A Policy Study Based on Medical Insurance

Access Negotiation in China

Fenghong Yang'f, Fanyue Meng!®, Rui Wang!, Lu Zhang!, Jinxi Ding!*,
Jiaming Li'-**

!School of International Pharmaceutical Business, China Pharmaceutical University,
Nanjing, China

2Pharmaceutical Market Access Policy Research Center, China Pharmaceutical
University, Nanjing, China

*Correspondence:
Jinxi Ding
13605152326@163.com

Jiaming Li
2448015398(@qq.com

TThese authors contributed equally and share the first authorship.

keywords: Chinese medical insurance access negotiation, pharmaceutical firm, R&D

investment, DID model, innovation incentive

Abstract

Objective: This study evaluates the net impact of China’s medical insurance
negotiation policy on pharmaceutical R&D investment, analyzing how it balances drug
price control and innovation incentives. The findings provide policy references for
optimizing China’s negotiation mechanism and guiding the design of innovative drug
payment policies in other middle-income countries.

Methods: This study was based on panel data from 335 Chinese pharmaceutical
manufacturing firms from 2010 to 2024, with core variables such as R&D investment
collected from the China Stock Market & Accounting Research (CSMAR) database and
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corporate annual reports. It employed a multi-period difference-in-differences (DID)
model to evaluate the dynamic effects of policy implementation. To verify the
robustness of the conclusions, the study further performed the stepwise inclusion of
control variables, re-estimation using alternative multi-period DID specifications, and
placebo tests with 500 random samples.

Results: Baseline regression results showed that the core explanatory variable was
statistically significant at the 1% statistical level. After adding control variables, the
coefficient remained stable within the range of 4.07 to 4.10, indicating that medical
insurance access increased firms’ R&D intensity. Parallel trend tests confirmed that no
significant heterogeneity existed between the treatment and control groups before
policy implementation. The policy effect persisted both in the year of medical insurance
access and in subsequent periods. All robustness checks supported the baseline findings,
and the placebo tests ruled out interference from unobservable random factors. Analysis
of the control variables revealed that firm size was positively correlated with R&D
investment, whereas the asset-liability ratio and profitability showed no statistically
significant influence.

Discussion: Chinese medical insurance access negotiation policy operates through
strategic purchasing, whereby the government secures lower drug prices in exchange
for expanding market access for pharmaceutical firms, ultimately realizing the volume-
for-price scale effect. This creates a win-win outcome: patients benefit from reduced
financial burden, and pharmaceutical firms offset price reductions through higher sales
volume, which provides a positive incentive for increased R&D investment and further
promotes industry innovation and sustainable development. The policy achieves a
dynamic balance between cost containment and innovation incentives, providing a

replicable middle path for global health system reform.
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1 Introduction

Pharmaceutical innovation is a key driver of the high-quality development of the
national healthcare system. In most countries with public health insurance systems, the
insurance payer is typically the largest purchaser in the pharmaceutical market. For
example, across OECD countries, public insurance schemes finance a substantial share
of pharmaceutical expenditure, accounting for more than half on average and exceeding
three-quarters in several countries, highlighting their central purchasing power in the
drug market. The payer’s decisions can directly influence drug pricing, market scale,
and corporate revenue structures, which in turn shape the R&D investments and
innovation strategies of pharmaceutical firm[1]. Therefore, whether innovative drugs
are included in the insurance reimbursement is not only a matter of patient access but
also a critical institutional factor that determines the innovation incentives of
pharmaceutical firms.

Since the establishment of the National Healthcare Security Administration in
2018, China has gradually established a regularized mechanism for medical insurance
access negotiations. It selects innovative drugs with high clinical value and urgent
patient demand through expert review, pharmacoeconomic evaluation, and medical
insurance fund budget impact analysis. Relying on its strategic purchasing position, it
engages in price negotiations with pharmaceutical firms to achieve the policy objective
of trading lower prices for higher volumes.

By 2025, eight rounds of medical insurance access negotiations have been
completed, resulting in the inclusion of 949 drugs. Among these, 199 are innovative
drugs targeting major diseases, including oncology, rare diseases, and chronic
conditions. Driven by negotiations, the prices of innovative drugs have declined
substantially, with an average price reduction of around 60%. The affordability of
negotiated drugs has significantly improved. Combined with cost-sharing mechanisms,
patients’ medication burden has been notably alleviated, enabling more patients to

benefit from health improvements brought by scientific and technological progress.
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However, the R&D of innovative drugs is characterized by high investment, high
risk, and lengthy development cycles. The substantial price reductions under medical
insurance access negotiations have raised a critical question: while expanding market
share, can pharmaceutical firms still secure sustainable profits to support R&D? This
issue directly determines whether the policy can provide long-term incentives for
innovation and remains an essential challenge to be clarified in current policy
evaluations. This is particularly pertinent in China, as a typical middle-income country,
where the tension between insurance fund sustainability and innovation incentives is
more pronounced. Existing international research lacks robust empirical evidence on
whether medical insurance purchases in China effectively promote corporate R&D.

Therefore, this study seeks to systematically assess the net effect of medical
insurance access negotiations on pharmaceutical firms’ R&D investment in China,
providing not only empirical evidence for optimizing domestic medical insurance
access negotiation policies, but also policy references for other middle-income
countries facing similar trade-offs.

The structure of the study is as follows: Part 2 outlines the theoretical mechanisms
and research status; Part 3 introduces the research methodology and data; Part 4
presents the empirical results and robustness tests; Part 5 summarizes the research
findings and discusses policy implications.

2 Theory and Hypothesis

The impact of national medical insurance purchases on firm R&D investment is
multi-pathway and complex. Existing studies have primarily identified three main
perspectives: the incentive effect, the inhibitory effect, and the non-significant effect.
2.1 Incentive Effect

Medical insurance purchases primarily promote firm R&D through two major
pathways. On the demand side, broad insurance coverage lowers patient out-of-pocket
costs, releasing latent medication demand and thereby rapidly expanding the market

size for specific drugs[2, 3]. This raises firms’ expectations of future sales of new drugs,
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strengthens their confidence and motivation to invest in high-risk R&D projects, and
may accelerate clinical trials and market approval processes[2]. On the supply side,
medical insurance access provides pharmaceutical firms with two critical forms of
support. First, it serves as a governmental quality endorsement of a drug’s innovative
value, sending a clear signal of policy support. This creates stable, long-term market
expectations, enabling firms to engage in R&D planning with greater confidence.
Second, the stable cash flow generated from insurance reimbursement directly
improves a firm’s financial position. This allows firms to reallocate more resources
originally earmarked for marketing toward R&D activities[4].

Numerous related studies support this view. Blume-Kohout et al.[1], using the
implementation of the US Medicare Part D as a natural experiment, found that this
policy substantially increased the number of new drug clinical trials targeting the
elderly population by improving medication accessibility for seniors. Their study also
showed that the elasticity of corporate R&D investment to sales was close to 1,
demonstrating that revenue growth can be directly translated into R&D funding.
Duggan and Scott Morton’s research[5] further pointed out that price negotiations
achieved overall corporate revenue growth through considerably increased sales
volume, providing cash flow support for R&D. In the Chinese context, Yin[6] also
noted that medical insurance access inclusion is equivalent to an official endorsement,
which can reduce corporate marketing costs and uncertainty, thereby channeling more
funds towards R&D.

2.2 Inhibitory Effect

The inhibitory effect of medical insurance purchasing primarily stems from its
price-regulating nature. By setting payment standards or reference prices, the insurance
payer compresses the profit margin of innovative drugs[7]. This not only reduces the
excess returns from a single product but may also generate spillover effects through the
reference pricing mechanism[8], affecting the price level across entire therapeutic areas.

Faced with squeezed expected returns, firms may reassess the risks and rewards
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of R&D projects. Their rational choice often leans towards allocating resources to me-
too or incremental improvement projects with shorter development cycles, higher
success probabilities, and easier passage of insurance price reviews[9]. This creates a
crowding-out effect on high-risk, high-investment first-in-class innovation.
Furthermore, intense competition for inclusion may also lead to industry resources
concentrating on leading firms, causing an averaging of the innovation structure.

Currently, some scholars also focus on the inhibitory effect of medical insurance
management. Peltzman’s early research[10] pointed out that stringent medical
insurance price controls and approval delays can reduce corporate technological
innovation efficiency. Analysis by Schulthess et al.[11] indicated that if medical
insurance pricing (e.g., Medicare Part B) is forcibly linked to international minimum
prices, firms may reduce R&D investment in high-risk areas such as oncology and rare
diseases due to insufficient profit margins. Frank & Zeckhauser’s research[12] also
explored how medical insurance pricing mechanisms may distort firms’ R&D resource
allocation, leading firms to favor specific types of innovation that cater to payer
preferences, rather than pursuing truly breakthrough therapies.

2.3 Non-significant Effect (Irrelevance Theory)

Scholars holding this perspective argued that in complex real-world environments,
the independent impact of medical insurance policy on corporate R&D investment may
be offset or obscured by other more dominant factors. Pharmaceutical firms’ R&D
decision-making is a long-term strategic behavior jointly influenced by multiple factors,
including the patent system strength, the global technological competition landscape,
capital market conditions, and other regulatory policies (e.g., drug review and approval
speed). Under certain periods or specific conditions, the decisive role of these factors
on R&D investment may far exceed changes in medical insurance payment policies. As
a result, it becomes difficult to observe a statistically significant and stable correlation
between the two from macro-level data.

For example, Acemoglu et al.[13] employed long-term data from the US (1965-
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1999) to conduct research and found that the expansion of insurance coverage did not
have a statistically significant impact on the pharmaceutical industry's R&D investment.
They speculated that its effect might have been offset by factors like stronger patent
protection and globalized competition during the same period. Similarly, Fan C’s
empirical analysis[2], based on differences in health insurance mandates across US
states, also found that the overall impact of insurance expansion on drug innovation
was statistically insignificant. These studies suggest that when analyzing the effect of
medical insurance on innovation, a broader, dynamic multi-factor system needs to be
considered.

However, China’s medical insurance access negotiation policy exhibits more
complex characteristics compared to most other countries in terms of its pathways
affecting firm R&D:

Firstly, China’s medical insurance acts as the largest single payer in the market.
The position gives its purchasing decisions powerful market influence. Simultaneously,
in order to control expenditure within the insurance fund and address societal concerns
about drug affordability, the insurance payer needs to conduct proactive price
negotiations. This dual role places the medical insurance negotiation in a dilemma. It
aims to expand market access and encourage innovation through trading lower prices
for higher volumes, while the substantial price cuts inevitably squeeze corporate profit
margins.

Secondly, while the over 1.4 billion insured population offers enormous market
potential, it also implies that including new drugs in the insurance catalog may trigger
substantial expenditure pressure on the fund. Consequently, the insurance payer is
exceptionally price-sensitive in negotiations, and its stance on price reductions tends to
be more resolute. Furthermore, as a middle-income country, China’s medical insurance
fund adheres to the principle of covering basic needs. When evaluating high-priced
innovative drugs, the payer must carefully balance the drug’s social value against fund

sustainability. The consideration often results in larger negotiation-driven price
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reductions. This economic and institutional foundation, rooted in the national context,
makes theories from developed countries, such as “demand-induced innovation” or
“price-suppressed innovation,” difficult to directly explain China’s practice.

In summary, studying the impact of China’s medical insurance access negotiation
policy on firm R&D must recognize its high degree of complexity. The empirical
research in this study precisely aims to clarify the true net effect of China’s medical
insurance negotiations on corporate innovation behavior within this unique and
complex policy environment.

3. Methodology

Based on a review of the existing literature, this study employed data from the
CSMAR database (https://data.csmar.com/) on the R&D investment of Chinese
pharmaceutical firms to precisely investigate the impact of medical insurance access
negotiation on R&D investment. Missing values were supplemented using annual
reports published on the official websites of listed companies.

Using a 14-year panel dataset covering the full sample of Chinese pharmaceutical
manufacturers, this study adopted a quasi-natural experiment design to
comprehensively analyze the long-term effects of medical insurance access negotiation
on corporate R&D investment.

3.1 Research Sample

The research sample comprises 335 pharmaceutical manufacturing enterprises
operating in China, covering the period from 2010 to 2024. The sample was constructed
through the following steps:

First, all A-share listed pharmaceutical firms in China were identified, resulting in
322 enterprises listed before 2018.

Second, 50 A-share listed firms that participated in medical insurance access
negotiations and successfully had their products approved since 2018 were selected.

Additionally, 12 China-based firms listed only on the Hong Kong stock market

repeatedly participated in and successfully completed negotiations, and were therefore
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added to the research sample.

Ultimately, the research sample consisted of 62 firms in the policy treatment group
and 273 firms in the policy control group.
3.2 Empirical strategy

Given that the Chinese medical insurance access negotiation policy was
implemented in multiple rounds over time, different firms were subject to the policy’s
effects at varying points in time. Therefore, this study employed a Multi-period
Difference-in-Differences (Multi-period DID) model to evaluate the impact of medical
insurance access negotiation on corporate innovation and R&D[14-17].

Considering the persistence and adjustment costs of R&D investment in
pharmaceutical firms, the impact of policies on R&D decisions may involve a certain
time lag. To more accurately capture the policy effects and mitigate potential
endogeneity issues, this study, following relevant literature, applied a one-period lag to
the core explanatory variables and control variables. The baseline regression model is
specified as follows:

Yie = Bo + Bi(treat; X posty) X y Xy + a; + 8¢ + &t

In the model, Y;; denotes the R&D investment level of pharmaceutical firm i in
year ¢, measured by the firm’s annual revenue.

treat; is a dummy variable for the treatment group, equal to 1 if pharmaceutical
firm i is ever affected by the policy in that year, meaning the firm has at least one
product included in the national negotiations. Otherwise, it takes the value of 0.

post,, is a dummy variable for the treatment period, equal to 1 if pharmaceutical
firm i is exposed to the policy in year 7, meaning that the firm has entered medical
insurance access negotiation by year ¢. Otherwise, it takes the value of 0.

X, represents a vector of control variables. «a; captures firm fixed effects. &,
captures year fixed effects, and €;; is the random error term.

DID=treat; X post;pip is the core explanatory variable in the model. When

DID=1, it indicates that pharmaceutical firm i has entered medical insurance access



255  negotiation in year t. The coefficient B4 is the primary parameter of interest, as it
256  measures the net impact of the negotiation policy on pharmaceutical firms’ R&D

257  investment.

258 In terms of variable selection, with reference to prior literature[ 18-23], this study
259  selected seven variables. Specifically, the dependent variable, used to measure the level
260  of corporate R&D investment, is defined as the firm’s total R&D expenditure. This
261  includes all direct expenses related to R&D activities, such as salaries of R&D
262  personnel, material costs, depreciation, and amortization.

263 The explanatory variable is DID. To verify the robustness of the model, this study
264 involved two DID-based variables: DID fixed and DID period. Among them,
265 DID fixed treats 2018 as a uniform policy implementation point. For firms in the
266  treatment group, this variable takes a value of 0 before 2018, indicating no policy
267 impact, and 1 from 2018 onward, indicating policy impact. DID period takes the
268  specific year in which each firm entered the medical insurance access negotiation as its
269  individual policy impact point. For a treatment group firm, this variable is 0 before its
270  entry year and becomes 1 from that year onward.

271 Regarding control variables, based on established practices in the literature,
272 LN size, LEV, ROA, and TAT were included as standard controls. Among them,
273 LN size serves as a proxy for firm size, measured by the natural logarithm of total
274  assets. LEV represents the asset-liability ratio, reflecting the firm’s financial leverage
275  and long-term solvency. ROA (Return on Assets) measures the efficiency with which a
276  firm utilizes its total assets to generate profit. TAT (Total Asset Turnover) indicates the
277  efficiency of a firm in employing its total assets for operations. The definitions of all

278  the variables are summarized in Table 1.

279 Table 1 Variable Selection.
Category Variable Full Name Meaning and Calculation Method Unit
The total expenditure on research and development
Dependent R&D o ) o
i RD_exp . activities. Measured as the R&D spending reported  Billion CNY
Variable Expenditure ) )
in the financial statements.
Time-fixed
Difference- The interaction term for the single, universally .
Independent DID fixed . ) ) . Unitless
i in- implemented policy shock in 2018.
Variables i
Differences

DID period Multi-period  The interaction term for the staggered policy shock Unitless

10
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Difference- where treatment timing varies by firm. The
in- interaction term for the staggered policy shock where
Differences treatment timing varies by firm.

Natural

The natural logarithm of total assets, used to control

LN size Logarithm of ) Unitless
for firm size. Calculated as In(Total Assets).
Total Assets
The ratio of total liabilities to total assets, measuring
Leverage . o .
LEV ] financial leverage. Calculated as Total Liabilities / Unitless
Control Ratio
) Total Assets.
Variables ) ) o
Return  on The ratio of net income to total assets, indicating )
ROA o Unitless
Assets profitability. Calculated as Net Income / Total Assets.
The ratio of operating revenue to total assets,
Total Asset ) o ) )
TAT measuring asset utilization efficiency. Calculated as  Unitless
Turnover .
Operating Revenue / Total Assets.
3.3 Data

The data utilized in this study were sourced from the CSMAR database and
subsequently processed. Missing values were supplemented using annual reports
published by listed companies on their official websites. The raw dataset consisted of
2911 observations covering 335 pharmaceutical firms from 2010 to 2024. Data cleaning
was performed as follows. First, we applied linear interpolation to impute missing
values[24, 25], and then we conducted winsorization at the 1% and 99% percentiles to
mitigate the influence of outliers[26, 27], resulting in the final dataset for analysis.

Descriptive statistics of the experimental data variables are shown in Table 2. The
results show that the mean value of corporate R&D expenditure (RD_exp) is 1.699,
with a relatively large standard deviation (3.344), indicating variation in R&D
investment levels across different firms. The standard deviations of firm size (LN _size)
and total asset turnover (TAT) are relatively small, suggesting that the sample firms are
relatively concentrated in terms of size and asset operation efficiency. Furthermore, the
average leverage ratio (LEV) of the sample firms is 30.3%, reflecting a moderate
overall debt level. The average return on assets (ROA) is 8.2%, indicating a certain

degree of profitability.
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Table 2 Descriptive Statistics.

Var N Min Max Mean SD

RD_exp 2911 0.000 21.850 1.699 3.344
LN size 2911 0.970 6.380 3.579 1.089
LEV 2911 0.037 0.840 0.303 0.178
ROA 2911 0.002 0.374 0.082 0.066
TAT 2911 0327 0.989 0.805 0.136

3.4. Parallel trend test

The parallel trend assumption is a fundamental prerequisite for applying the
Difference-in-Differences (DID) method in policy effect evaluation[28-30]. It requires
that, prior to the policy shock, the treatment and control groups follow a consistent
development trend. This ensures that any observed differences between the two groups
after policy implementation can be reasonably attributed to the policy intervention itself,
rather than to pre-existing inherent heterogeneity.

To validate this assumption, this study used a DID model that incorporates year-
fixed effects to conduct the parallel trend test[31]. Considering that within-group
correlation may lead to the underestimation of true variance by ordinary standard errors,
the study further employed robust standard errors for regression estimation[32]. These
were calculated using the Variance-Covariance Matrix Estimation Method, with
standard errors clustered at the firm level. The parallel trend test result is plotted in
Figure 1.

Figure 1 presents the estimated coefficients and their corresponding 95%
confidence intervals for each year within the policy event window. The results show
that in the pre-policy periods (from pre 9 to pre 1), the estimated coefficients for the
treatment and control groups fluctuate around zero, and all confidence intervals include
zero. This indicates no statistically significant systematic difference between the two
groups before the policy shock, thus satisfying the parallel trend assumption.

In the policy implementation period (current) and subsequent periods (from las 1
to las_5), the estimated coefficients are significantly positive and remain statistically

significant. This pattern clearly demonstrates the dynamic effect of the policy

12



322 intervention.
323 The parallel trend test confirms that the fundamental assumption of the DID model
324  is met in this study, providing essential methodological assurance for the reliability and

325  wvalidity of the subsequent policy effect evaluation.

54

Vertical axis

T T T T T T T t T T T T
pe9 pe8 pe? pe6 peS ped4 pre3 pe2 pre_l curen t las1 las?2 las3 las4 las§

326 Paolicy time

327 Figure 1 Parallel trend test.

328 4 Empirical results

329 4.1 Baseline Regression

330 To identify the net effect of the policy on corporate R&D investment, this study
331  constructed a two-way fixed effects model within the DID framework for baseline
332 regression analysis. Considering potential heteroscedasticity and serial correlation in
333 the panel data, robust standard errors clustered at the firm level were employed during
334  regression to mitigate estimation bias.

335 To verify the robustness of the baseline results, the study also adopted a stepwise
336  introduction of control variables in the regression design, with specific results shown
337  inTable 3. Across all model specifications (Regl to Reg5), the estimated coefficient of
338 the core explanatory variable, DID fixed, is consistently positive and statistically
339  significant at the 1% level. In the baseline model without any control (Regl), the
340  coefficient of DiD_fixed is 5.122. As control variables such as LN _size, LEV, ROA,

341  and TAT are gradually added, the coefficient stabilizes within the range of 4.07-4.10,
13
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showing no significant fluctuation and demonstrating good stability.

This result indicates that the policy implementation generated a statistically
significant and positive promoting effect on corporate R&D investment, and this effect
remains highly robust.

Regarding the control variables, the coefficient for LN size is statistically
significant and positive in all models. This indicates a positive correlation between firm
size and R&D investment level, suggesting that larger firms typically possess more
resources to support R&D activities and exhibit relatively higher R&D investment
intensity. However, the coefficients for LEV, ROA, and TAT are not statistically
significant. This implies that, after controlling for other factors, the firm’s leverage,
profitability, and asset operation efficiency do not exhibit a statistically significant
impact on its R&D investment.

Furthermore, with the gradual introduction of control variables, the adjusted R? of
the model increases from 0.269 to 0.368. This improvement indicates an enhanced
explanatory power of the model regarding the variation in R&D expenditure, further
validating the rationality of the regression setup.

In conclusion, the baseline regression results provide robust empirical support for
the study’s core hypothesis: the policy shock increased the R&D investment intensity

of firms in the treatment group.

Table 3 Baseline Regression.

Regl Reg2 Reg3 Reg4 Reg5
Var

RD exp
DID _fixed 5.122%** 4.072%** 4.078%** 4.101*** 4.080%**
LN size 1.475%** 1.488%** 1.508%** 1.529%**
LEV -0.716 -0.775 -1.076
ROA 1.628 1.711
TAT -1.132
cons 0.995%** -4.142%%* -3.972% %% -4.163%*** -3.237%#*
N 2911
R-sq 0.269 0.365 0.366 0.367 0.368

[1] ***, ** and * represent statistical significance at the 1, 5, and 10% levels, respectively. [2] Robust standard
errors are reported in parentheses.

14



364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383

384

4.2 Robustness Test

To verify the reliability of the above conclusions, this study further conducted the
following robustness tests.

Firstly, the study conducted robustness tests by changing the core estimation
method. Since the timing of firms’ entry into medical insurance access negotiation
varies, the traditional two-way fixed effects estimation may produce bias, while the
multi-period DID model can more accurately identify treatment effects[30]. Therefore,
following previous scholarly research[33, 34] and considering the temporal
heterogeneity of policy implementation in the baseline regression (i.e., different firms
are affected at various times), the study re-estimated the baseline results using a more
appropriate multi-period DID model, thereby further validating the reliability of the
conclusions.

The estimated results presented in Table 4 reveal that the coefficient for the core
explanatory variable, DID period, remains consistently positive at the 1% statistical
level, with its coefficient value stable around 3.50. It closely aligns with the coefficient
range of the baseline regression (4.07-4.10). This result indicates that after fully
accounting for the temporal heterogeneity of policy implementation, the positive
promoting effect of the policy on corporate R&D expenditure remains highly robust.
This also confirms that the baseline regression conclusion is not influenced by model

specification bias, and the core research findings are methodologically sound.

Table 4 Multi-period DID Test.

Var Regl Reg2 Reg3 Reg4 Reg5

RD exp
DID period  4.54%** 3.503%%* 3.506%** 3.519%*x* 4.080%**
LN size 1.655%%* 1.667%%* 1.684%** 1.706%**
LEV -0.633 -0.678 -1.013
ROA 1.248 1.342
TAT -1.259
cons 1.37%%* -4.478%** -4.328%** -4.477%H* -3.447x**
N 2911

15
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R-sq 0.196 0.320 0.321 0.322 0.323

[1] *** ** and * represent statistical significance at the 1, 5, and 10% levels, respectively. [2] Robust standard

errors are reported in parentheses.

Secondly, to rule out interference from unobservable random factors or potential
omitted variables in the baseline results, this study conducted a placebo test. By
randomly assigning the treatment status within the full sample and repeating this
process multiple times, a synthetic distribution of the coefficients for a placebo policy
variable can be created. This allows for an assessment of whether the baseline estimate
significantly differs from randomly generated effects[35].

Following previous studies[32, 36], this study conducted 500 random sampling
simulations of the dependent variable. In each simulation, policy treatment statuses (i.e.,
placebo treatment group and control group) were randomly assigned across the full
sample, and the baseline regression process was repeated to generate an estimated
coefficient distribution for the placebo policy variable.

The test results, shown in Figure 2, indicate that the estimated coefficients from
the 500 simulations are densely clustered near zero, approximating a normal
distribution centered at zero (mean =-0.003). In contrast, the estimated coefficient
for the true core explanatory variable from the baseline regression (approximately 4.08)
significantly deviates from this distribution’s center, lying in the right tail and far
exceeding the 95% confidence interval, constituting a statistically low-probability event.

Figures 3 and 4 further illustrate that the p-values generated by the random
simulations are mostly concentrated at insignificant levels, and the t-values follow a
standard normal distribution centered around zero.

In summary, the placebo test results confirm that the significant policy effects
observed in the baseline regression are not driven by unobservable random factors or
potential omitted variables, but represent the genuine effect of policy intervention. This
finding also strengthens the internal validity and reliability of the study’s core

conclusions.
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5 Conclusion and Discussion

This empirical study demonstrates that the Chinese medical insurance access
negotiation policy has significantly stimulated R&D investment of pharmaceutical
firms. The baseline regression results show that the core explanatory variable is positive
and statistically significant at the 1% level, indicating that firms with products

successfully included in the national reimbursement drug list experienced a greater
17



424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451

increase in R&D investment compared to the control group firms. This conclusion
remains valid after a series of robustness tests, including multi-period DID model
estimation and placebo tests. It confirms the reliability of the study’s conclusion that
the policy shock from the negotiations does not suppress, but rather effectively
incentivizes, corporate innovation investment.

This finding reveals that, within the current Chinese pharmaceutical market
environment, the national medical insurance system engages in strategic purchasing by
negotiating lower drug prices in exchange for expanded and more stable market access.
Through this volume-for-price mechanism, the resulting scale effects can effectively
offset the profit pressure induced by price reductions and ultimately transform into
financial resources for corporate R&D investment. It shows that, while controlling drug
prices and alleviating patient burdens, the medical insurance access negotiation policy
has not compromised the momentum for industrial innovation. This suggests a
preliminary achievement of policy balance between cost containment and innovation
incentive, providing strong empirical support for continuing to uphold and optimize the
current negotiation mechanism.

This Chinese experience holds important implications for other countries
worldwide, especially middle-income countries grappling with the challenge of
balancing rising healthcare costs and innovation incentives. It demonstrates that a single
payer with a large population base can build a market environment that ensures patient
accessibility while continuously motivating local pharmaceutical industry innovation
through strategic purchasing and rigorous price negotiations. It offers a feasible middle
path reference for global healthcare system reform.

However, this study also has certain limitations. Due to constraints in length and
data availability, this research primarily verifies the net effect of medical insurance
access negotiation on corporate R&D investment but does not delve into the specific
transmission pathways of this impact. In other words, it fails to clearly identify and test

the intermediary variables, such as corporate cash flow, market expectations, and R&D
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pipeline adjustment strategies, and their underlying mechanisms.

Therefore, future research should focus on constructing and testing mediating
effect models to deeply reveal the specific operation of the “price-volume-profit-R&D”
chain. Additionally, it should further investigate the heterogeneous effects of the policy
on firms of different sizes, ownership structures, and different types of innovation (e.g.,
original innovation and incremental innovation), thereby providing more detailed
scientific references for formulating more targeted industrial incentive policies.
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