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Abstract

We study market pricing of fundamentals at the Shanghai Stock Exchange, in-

corporating possible irrational pricing behavior with adaptive expectation. Using

panel data of listed stocks to overcome the limited information in aggregate time

series data, we estimated key parameters of the price elasticity of dividends and

the expectation adjustment based on a linear dynamic panel data model. We use a

major subset of stocks with stationary real prices and cash flows and apply meth-

ods that correct for incidental parameter bias. The resulting price elasticity of

dividends is about 0.46 (0.35) based on annual (quarterly) data, which is sizable

given high PD (PE) ratios in the market. Our results imply that slow expectation

adjustment contributes to “bubble-like” price patterns. We also show prices signif-

icantly react to macro information related to the discount rate, but these effects

are very sensitive to the information set used.
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1 Introduction

Like many stock markets in emerging economies with short history and large body of

unsophisticated investors, China’s stock market is known to be volatile and speculative.

As China became the world’s second-largest economy and a global economic engine,

its stock market performance and capability of fundamental pricing are of increasing

importance to domestic and foreign investors. By fundamental, we mean expected cash

flows in dividends or earnings and discount rate in a classical present value framework,

which can be driven by macroeconomic conditions. Although irrational pricing behaviors

have been frequently documented in this market (Mei, Scheinkman, & Xiong, 2009;

Xiong & Yu, 2011; Choi, Jin, & Yan, 2012; Kong, Lin, & Liu, 2017), there are also

studies supporting price informativeness on fundamentals using cross-sectional data based

on indirect evidence on returns or earnings predictability, and explaining portfolio excess

returns by factors relating to firm characteristics (Carpenter, Lu, & Whitelaw, 2018; Liu,

Stambaugh, & Yuan, 2019). Yet, it is a largely unanswered question on how the (log)

real stock prices react to fundamentals at the market level, which is not only essential to

the payoff of investors employing indexation strategy, but also central to academia and

policy makers to assess the efficacy and efficiency of the stock market functions.

In particular, stock prices in emerging markets exhibit higher synchronicity than those

in developed economies due to various institutional characteristics, which is also evident

in China (Morck, Yeung, & Yu, 2000; Gul, Kim, & Qiu, 2010; Hasan, Song, & Wachtel,

2014). Higher degree of price co-movements implies that studying market pricing is key to

understanding driving factors behind individual stock pricing. Our paper aims to tackle

this important issue on the market pricing mechanism in China by directly measuring

price reaction to fundamentals.

To start with, the challenges of limited data at the aggregate level and possible non-

stationarity need to be addressed. As far as aggregate time series data are concerned, the

2



cash flow data of dividends or earnings as fundamental information has limited sample

due to a low frequency of annual or quarterly disclosure with a merely less than thirty

years’ history of the market. To overcome the relatively short span of aggregated stock

market information, we turned to firm level data and used two datasets – a yearly unbal-

anced panel of 729 stocks from 1997 to 2018 and another quarterly unbalanced panel of

854 stocks from 2007Q1 to 2019Q2. However, nonstationarity may appear due to spec-

ulative pricing behavior or fast-growing sectors with underlying trends in the short run,

which turned the literature from “asset pricing” to “asset expected returning” (Cochrane,

2011; Favero, Melone, & Tamoni, 2020). Using a suggested procedure in Ng (2008) and

further modified by Westerlund (2016), we trimmed away the fraction of stocks in the

cross-section which could potentially affect the estimated dynamics of the panel due to

nonstationarities. In contrast, the nonstationarities considered in a similar empirical

application by Bhargava (2014) are much less general than what was considered in Ng

(2008) and Westerlund (2016). It turns out that the selected stationary series account

for a major proportion of stocks both in numbers and market values in the two samples

used. This finding is also in line with evidence of persistent but transitory components

in both the common and idiosyncratic price components in the US market (Poterba &

Summers, 1988; Cohen, Polk, & Vuolteenaho, 2009; Bhargava, 2014).

Following Chow (1989), we derive the linear relationship between log price and funda-

mental variables as an approximation to the present value model under the assumption

of adaptive expectation. As shown in Chow (1989), either under adaptive expectation

or rational expectation, the resulting reduced-form model is observationally equivalent,

but the structural model with adaptive expectation can better accommodate speculative

pricing behaviors evidenced in the literature and the inference on the structural param-

eter of adaptive adjustment helps to explain the mechanism of persistent price pattern

and deviation from equilibrium levels.
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Methodologically, we need to apply bias correction to properly quantify the funda-

mental pricing effects. For the reduced-form model, by using the split-panel jackknife

(Dhaene & Jochmans, 2015), we show that correction can be made to the downward

bias of price reaction induced by the presence of incidental parameters. The incidental

parameter bias is sizable, especially given the size of the panel datasets we used. More

importantly, we find that the downward bias related to the structural parameter of adap-

tive expectation adjustment is even more substantial. Although many corrections and

approaches were proposed in the literature as surveyed by Fernández-Val and Weidner

(2018) in detail, empirical applications of these corrections have been extremely limited.

Our work presents a useful application to illustrate the importance of correcting such

bias in economics and finance research.

Besides our benchmark specification including firm and time fixed effects, we also

consider a specification that excludes time fixed effects but includes observable determi-

nants of the time-varying discount factor common to all firms. Although early work with

aggregate data gave little evidence on the importance of the time-varying discount rate

(Campbell & Shiller, 1988) , it has been recognized in the recent asset pricing litera-

ture that the discount rate variation is crucial to asset pricing (Cochrane, 2007, 2011).

Furthermore, asset pricing relies on the stochastic discount factor, which is driven by con-

sumption smoothing, risk sharing and dynamic general equilibrium (Cochrane, 2005).

As a result, we can determine the relative importance of these observable determinants

in generating price movements on top of the information on cash flows of the firm.

The rest of the paper is organized as follows: Section 2 introduces the structural model

of stock price determination with adaptive expectations. Section 3 describes the data

and variable construction. Section 4 conducts empirical analysis, including presenting

the estimation strategy, documenting a small simulation study to show the importance of

correcting the incidental parameter biases of the reduced form parameters, and presenting
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the main estimation results. Section 5 concludes.

2 A dividend discount model with adaptive expecta-

tions

We first lay out the log-linearized discounted dividend model (DDM) with adaptive ex-

pectation (Chow, 1989) and discuss its relationship with a reduced form estimable using

panel data. In this framework of stock price determination, there are two notions of

a fundamental: a firm-specific fundamental of cash flow information on dividends or

earnings and a macroeconomic fundamental driving the time-varying discount rate, as

described by consumption-based pricing framework (Cochrane, 2005). We study the

price determinants in real terms, so that all nominal variables are adjusted for inflation.

2.1 Theoretical model

The DDM serves as a benchmark model for stock price determination. By definition, the

total return of buying stocks incorporates capital gain and dividend payoff:

1 +Rt+1 = (Pt+1 +Dt)/Pt (1)

where Pt is the stock price at the beginning of period t, and Dt is the dividend paid

during period t. Let Et (·) be an expectation operator with information set up to time

t. Assuming constant expected rate of return, for simplicity, EtRt+1 = R, and taking

expectations on both sides of (1) leads to:

Pt(1 +R) = Et(Pt+1 +Dt)
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Following Gordon (1962), assuming a constant growth rate of dividend, Dt+s = (1+g)sDt,

thus:

Pt =
∞∑
s=1

EtDt(1 + g)s/(1 +R)s+1 = (EtDt)/(R− g) (2)

Taking logs on both sides, one has:

pt = logPt ≈ logEtDt − log(R− g) (3)

(3) states that the log of stock price is a linear function of the expected dividend and the

difference between the dividend growth rate and discount rate. Note that dividends are

firm-specific cash flow information, while the discount rate typically move with macroe-

conomic conditions. Other things being equal, (2) and (3) imply that firms paying more

dividends should be priced higher.

In our empirical study, we are concerned about whether and to what extent dividends

are priced. That is, we are interested in the coefficient in an equation such as

pt = γ∗ + δ logEtDt (4)

where pt denotes the theoretical part of price determined by the DDM expected compo-

nent, and δ measures the price elasticity of dividend.

Since the expected dividend is unobserved, we are not able to estimate (4) directly.

Therefore, assumptions about expectation formation are needed at this stage. To con-

duct inference on δ, we follow Chow (1989) and assume a form of adaptive expectation

formation. That is, the log of expected dividend is based on the log of lagged expectation

Et−1Dt−1, adjusted by the difference of the log of the most recently available dividend
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information Dt−1 and the log of lagged expectation. In particular, we have

EtDt = (Dt−1)
c (Et−1Dt−1)

1−c (5)

logEtDt = c logDt−1 + (1− c) logEt−1Dt−1 (6)

logEtDt = c[1− (1− c)L]−1 logDt−1, (7)

where 0 ≤ c ≤ 1 is the adjustment parameter. Note that (1 − c) measures the learning

inertia. The closer c is to 1, the quicker is the adaptation towards rational expectations.

With the lag operator L, the current expectation EtDt can be expressed as a function of

the lags of past realized dividends. By multiplying c[1− (1− c)L]−1 on both sides of (4),

the price determination can be transformed to

pt = γ + β1pt−1 + β2dt−1 (8)

where dt−1 = logDt−1, γ = γ∗c, β1 = 1− c, and β2 = cδ. As a result, we can estimate the

parameters β1 and β2 in the reduced form (8) and then recover the structural parameters

representing the price elasticity of dividends δ in (4) and the speed of adjustment c in

(7). In fact, δ = β2/(1− β1), it can also be interpreted as the long-run price elasticity of

dividends (Bhargava, 2014).

Theoretically, the stochastic discount factor derived from the intertemporal utility

optimization of representative agent is central to pricing future payoffs (Cochrane, 2005).

In a log-linearized framework, the stochastic discount factor is linear in the negative

discount rate. In the real business cycle (RBC) theory, the real rate can be explained

by real consumption growth. In a New Keynesian (NK) framework with sticky prices,

the real rate is a component of short term policy rate, which is negatively related to real

money balance and can be affected by money growth, inflation rate, nominal interest

rate and real output growth (Gaĺı, 2015). Hence, a set of macroeconomic factors and
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shocks can have real impact on stock price movement through the channels of the time-

varying discount rate. As a result, the pricing equation can be rewritten as follows, after

accounting for the time-varying discount rate using a set of observable macroeconomic

variables:

pit = γ + β1pi,t−1 + β2di,t−1 +Mtκ (9)

where Mt is a vector of macroeconomic variables closely related to the discount rate.

2.2 Econometric representation

The pricing equation in (8) and (9) can be estimated using linear dynamic panel data

methods. We specify two forms of the equation: one with explicit macroeconomic vari-

ables closely related to time-varying discount factor, and one with general time effects to

capture common shocks, encompassing macroeconomic information on time-varying dis-

count factor and other possible shocks. Considering the possibility of mis-specification of

omitted variables or other common shocks to the market, we also estimate an alternative

specification with time effects to incorporate macro shocks implicitly.

In both specifications, we allow for firm-specific fixed effects αi and idiosyncratic error

term eit. The econometric specifications are as follows:

1. Explicit macro factor specification

pit = γ + β1pi,t−1 + β2di,t−1 +Mtκ+ αi + eit (10)

For this specification, we consider two sets of macro variables in Mt: a small set

M
(1)
t , containing a measure of real consumption growth; and a bigger set M

(2)
t ,

containing measures of real consumption growth, money growth, inflation rate,

nominal interest rate and real output growth. Here, we have M
(1)
t = ∆ct and

M
(2)
t = [∆ct,∆M1t,∆CPIt, Rt,∆GDPt] and M

(1)
t and M

(2)
t captures the stochas-
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tic discount factor in a typical RBC model and a NK model assuming cointegra-

tion relationship between these variables respectively. In a simple macro model,

consumption growth is often replaced by output growth, but in reality these two

variables contain different information in the medium term.

2. Implicit macro factor specification with time effects ηt:

pit = γ + β1pi,t−1 + β2di,t−1 + ηt + αi + eit (11)

In each specification, the correspondence between reduced form parameters and those in

the structural model with adaptive expectation can be identified. We can recover struc-

tural parameters from the reduced form parameters using minimum distance estimation.

3 Data

We obtain all firm-level data from CSMAR (China Stock Market & Accounting Re-

search) Database, a financial database widely used in the Chinese financial industry and

academia. The raw data includes Daily Closing Price (short for ”DCP” hereafter), daily

Comparable Closing Price with Cash Dividend Reinvested (short for ”CCPD” hereafter),

daily Comparable Closing Price without Cash Dividend (short for ”CCPND” hereafter),

and quarterly earnings per share (short for ”EPS” hereafter).

To obtain the annual data set, we first get the value of CCPD and CCPND of each

company on the last trading day of each year. CCPND is employed as price, while the

annual dividend series of each company is obtained following the same method in Bunn

and Shiller (2014), which recovers dividends by a combination of CCPD and CCPND.

To obtain the quarterly data set, we first get the value of DCP and CCPND of each

company at the last trading day of each quarter. CCPND is employed as price, while
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the quarterly EPS data is adjusted by multiplying the ratio between CCPND and DCP

of the same quarter. To make the coefficient on EPS comparable with that on dividend

from the annual data set, as well as to eliminate the possible seasonality in companies‘

earning, we transform the EPS into a trailing-twelve-month measure by summing up the

EPS obtained in the past four quarters. Since quarterly information disclosures for a

majority of listed firms became more regular after 2006, we restrict our quarterly data

set to start from 2006.

All nominal variables including prices and cash flows were inflation-adjusted with 2018

as the base year before taking logarithms. We only selected firms with dividend infor-

mation for at least 4 years in the annual data set, or with at least 20 observations in the

quarterly data set. Since logarithms were used, firms with observations of negative earn-

ings were excluded. With the above selection criteria, we obtain two unbalanced panels,

an annual panel of 729 stocks from 1997 to 2018 with a total of 7366 observations, and a

quarterly panel of 854 stocks from 2007Q1 to 2019Q2 with a total of 33602 observations.

We obtain the data on related macroeconomic variables, specified in the previous sec-

tion, from WIND Information Co., Ltd, which is another major financial data company

in China. All growth rates are calculated either year-on-year or quarter-on-quarter de-

pending on the dataset. Real consumption growth and real output growth are directly

available from the database, while the real growth of M1 and the inflation rate had to

be computed from the data on levels. We use the average interbank rate as a proxy for

the short-term interest rate. A plot of the resulting quarterly series has been presented

in Figure 1.

[Insert Figure 1 here. ]
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4 Empirical analysis

4.1 Estimating the fraction of the panel with an autoregressive

unit root

The models in (10) and (11) may contain variables that are likely to be nonstationary. In

practice, it is likely that we encounter a mixed panel where only a proportion of the cross-

sectional units has an autoregressive unit root. Typically, panel unit root tests would be

applied prior to estimating the models in (10) and (11). Unfortunately, these tests are

extremely affected by the underlying behavior of the DGPs of each time series that form

the panel. We avoid these tests in favor of robust and more informative procedures

suggested by Ng (2008) and Westerlund (2016). Both these authors have discussed the

value of estimating the fraction of a panel that has an autoregressive unit root.

The procedure is as follows. Let yit denote the series of interest. In our case, this

could refer to log of stock prices or log of dividends.

1. Calculate the cross-sectional variances of yit, i.e., for t = 1, . . . , T , we have

Vt =
1

N

N∑
i=1

(yit − yt)
2

2. Take the average of the first-differences of the cross-sectional variances in the pre-

vious step, i.e.,

θ̂ =
1

T

T∑
t=2

∆Vt

3. Divide the previous average by a scaling factor σ̂2. This scaling factor is the grand

average of the squared residuals z2it obtained from a time series least squares regres-
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sion of yit on a constant and yi,t−1, i.e.,

σ̂2 =
1

NT

N∑
i=1

T∑
t=2

z2it.

We then obtain an estimate of the fraction θ̂∗ = θ̂/σ̂2 of the panel that has an

autoregressive unit root.

4. Once θ̂∗ is obtained, find bθ̂∗Nc. This will give us the number of cross-sectional

units that are deemed to be nonstationary.

5. To classify which of the cross-sectional units are to be deemed nonstationary, we

follow a suggestion by Ng (2008). Order the units by the reciprocal of the estimated

AR(1) coefficient from a time series least squares regression of yit on a constant and

yi,t−1. The first bθ̂∗Nc units can be classified as the nonstationary units.

So, we apply the outlined procedure to both log of prices and log of dividends. We then

filter out the union of the classified nonstationary units and proceed to estimating (10)

and (11). Based on the annual data, our findings indicate that 564 out of the 729 stocks

will be used as a subsample for further analysis; while in the quarterly data, 719 out

of the 854 stocks will be used. The resulting subset of firms count for about 70.5% of

the total market value of the original annual sample and about 91.9% of the quarterly

sample.

4.2 Unit root tests applied to macroeconomic variables

Table 1 shows the p-values from augmented Dickey-Fuller tests applied to the quarterly

macroeconomic variables. Except for the interest rate, the remaining four series are non-

stationary in their levels. We take the first difference of the nonstationary series before

including them in M
(1)
t and M

(2)
t in (10). From Figure 1, we can trace the nonstation-
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arity to at least two aspects: trending behavior and structural change. For example,

real consumption growth and real GDP growth exhibit upward trend before 2008 and a

downward trend after 2010; due to the 2008-2009 world financial crisis, real GDP growth

and CPI inflation reached their troughs while M1 growth reached a peak, which break

the persistent trend.

[Insert Table 1 here.]

4.3 Correcting the incidental parameter bias

The dynamic panel data models specified in (10) and (11) involve a relatively large

number of stocks N and a moderate number of time periods T . It has been widely

known in the literature that incidental parameter bias may arise when the number of

cross-section units, N , grows large but the number of time periods per unit, T , remains

small (Arellano & Bonhomme, 2012; Arellano & Honoré, 2001; Browning & Carro,

2007; Browning, Ejrnaes, & Alvarez, 2010; Neyman & Scott, 1948).

Various methods have been proposed to address such bias in specific models, but

mostly require analytical work on the bias which may be computationally complex (Arel-

lano & Bonhomme, 2009; Arellano & Hahn, 2006; Hahn & Kuersteiner, 2011; Hahn

& Newey, 2004; Lancaster, 2002). In an unbalanced panel such as ours, the bias be-

comes even more complicated to express analytically. Dhaene and Jochmans (2015) (DJ

hereafter) propose a split-panel jackknife estimator to correct the bias without requir-

ing an explicit analytical expression for the incidental parameter bias. The split-panel

jackknife bias correction method to reproduce an estimate for the parameters, which

takes an average of the estimators from two overlapping subpanels to eliminate the first

order inconsistency of the original estimator (Dhaene & Jochmans, 2015). Instead of

demonstrating the theoretical relevance of correcting for the incidental parameter bias,

we conduct a small Monte Carlo simulation meant to mimic the properties of our dataset-
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s. For interested readers, Appendix A.1 describes the incidental parameter problem for

our specific context. Appendix A.2 provides a short exposition on the mechanics of the

split-panel jackknife.

We simulate the model in (11) under four scenarios shown in Table 2. In scenarios 1

and 3, balanced panel data sets of annual and quarterly frequencies with dimensions of

(N, Tmax) are simulated. For scenarios 2 and 4, unbalanced panel data sets are obtained

by assembling subsets g of simulated balanced data, each with a specific dimension of

(Ng, Tg), as shown in Table 3, which closely mimics the unbalancedness patterns present

in our actual data. For each scenario, we generate 1000 artificial data sets according

to (11), and estimate the parameters for each set with a fixed-effects dynamic panel

regression and with the split-panel jackknife.

[ Table 2 to be inserted here. ]

[ Table 3 to be inserted here. ]

Figure 2 plots the densities of the estimated coefficients for β1 and β2 for both annual

and quarterly datasets, before and after bias correction with the split-panel jackknife.

[ Figure 2 to be inserted here. ]

After correction with the split-panel jackknife, the estimates of β1, shown in dashed

lines, tend to match the true values in all scenarios, as shown in Figure 2. The distribu-

tions of β2 before correction slightly shift to the left with respect to the true values, but

the two distributions largely overlap with each other.

Since both structural parameters c and δ are functions of β1, the bias in estimating β1

will be transmitted to the structural parameters as well. Figure 3 plots the distribution

of the estimates of the structural parameters obtained from the reduced form estimates

of β1 and β2. The parameter distributions after correction concentrate around the true

values, indicating effectiveness of the correction.
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[ Figure 3 to be inserted here. ]

Table 4 provides a summary of the parameter bias in percentage terms. The simu-

lation study shows that the incidental parameter bias in this dynamic panel data model

is quite large and could not be ignored. The biases in the estimation of the reduced

form parameters greatly affect the estimation of the structural parameters. The most

relevant for our context is the price elasticity of dividends δ, which measures the long-run

fundamental impact of cash flows. Its bias is sizable and does not necessarily decrease

with larger sample size as a result of having measurements at a higher frequency. Thus,

bias correction is a step that cannot be ignored, otherwise the economic interpretation

of the price elasticity and speed of expectation adjustment can be dramatically different

from the underlying values.

[ Table 4 to be inserted here. ]

4.4 Estimation results for (10) and (11)

We estimate the model specifications in (10) and (11) for both annual and quarterly

panels. For each regression, we report the results before and after bias correction. Table

5 and Table 6 report the regression results for annual and quarterly data, respectively.

[ Table 5 to be inserted here. ]

[ Table 6 to be inserted here. ]

Based on the regression results in Tables 5 and 6, we find that, broadly, firm-specific

fundamentals are priced, as β1 and β2 are statistically different from zero. The loadings

for some of the macroeconomic variables are in line with economic theory, but they can

be sensitive to whether the annual or quarterly datasets are used. In fact, the loading
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on interest rate Rt changes dramatically after bias correction based on the results for the

annual data.

Just as we have observed in the small simulation study in a previous subsection, the

small differences in the reduced form estimates generate substantial differences in the

estimates of the structural parameters. In terms of whether there is evidence consistent

with rational expectation formation as opposed to adaptive expectation formation, we

find that c is both economically and statistically different from one. Furthermore, the

price elasticity of dividends is statistically different from zero. These findings are robust

to whether we look at annual or quarterly data, and whether or not we applied bias

correction procedures.

Although the price elasticity of dividend in all regressions are statistically below 1 even

after bias correction, it has substantial economic significance due to the extraordinary

level of PE and PD ratios in the Shanghai Stock Exchange. Based on our annual data,

the medians of real price, real dividend, and PD ratio are 38 yuan, 0.37 yuan and 94,

respectively. Back-of-the-envelope calculations indicate that, given the elasticity of 0.46

after bias correction, when dividend per-share increases by 5 cents, the price is expected

to increase by approximately 2.37 yuan, an over 40-fold sizable pricing effect. In contrast,

had we used the elasticity of 0.32 before bias correction, then the estimated price change

will be about 1.64 yuan, which results in a 30% underestimation of the price change. The

resulting underpricing is substantial in economic terms.

4.5 The macro factors and time effects

In the regression analysis, we find that most of the macroeconomic variables related to

time-varying discount rate are significantly priced. However, the time effects representa-

tion is more comprehensive with macroeconomic shocks and other shocks. To show this,

we plot the time effects and the effects explained by macro factors, Mtκ, in Figure 4. The
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correlations between the two parts are reported in Table 7. We can see from Figure 4

that the macro effects are correlated with the time effects in both annual and quarterly

data sets, with the former showing higher correlation. Macro factors estimated using

M
(2)
t have higher correlation with the time effect than M

(1)
t . According to Table 7, in

the annual data regression, the correlation between macro factors on M
(2)
t reaches 0.42,

while that with macro factors on M
(1)
t is only 0.22; in the quarterly data regression, the

correlation of time effect with macro factors on M
(1)
t and M

(2)
t are 0.11 and 0.46, respec-

tively. The macro effects are much smoother, which does not fully capture large shocks

such as the 2008 financial crisis or the 2015 market surge under optimistic expectation

and government stimulus. Thus, the time effect specification may be a better modeling

choice.

[ Figure 4 to be inserted here. ]

[ Table 7 to be inserted here. ]

4.6 Discussion

Is there evidence that fundamentals are priced for listed stocks at the SSEC Index?

Based on our results, the answer is yes. But why do prices fluctuate so dramatically

and sometimes seemingly “bubble-like”? From the estimation results of the DDM with

adaptive expectation, the explanation can be traced to two reasons: the presence of large

shocks and the slow adjustment of expectations.

1. Large shocks: From plots of time effects in Figure 7, we know that the common

shocks are neither persistent nor “bubble-like”. The autocorrelation of implicit time

effects defined in equation (11) are -0.25 in annual data set and 0.14 in quarterly

data set, both are insignificant at the 5% significance level. However, the shocks

are huge relative to prices. Measured in relative terms to log price, the variance of
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shocks account for 21% of the median variance of prices in quarterly data, and 46%

in annual data.

2. Slow adjustment in expectations: The slow adjustment in expectation in the struc-

tural model determines the persistence of the price dynamics in the reduced form,

because c = 1 − β1, which gives rise to the price persistence from the investors’

expectation formation. The persistence together with large shocks will generate

“bubbly” price patterns.

5 Conclusion

As the Chinese stock market grows rapidly with its remarkable economic development

in the past two decades, it is important to understand the pricing mechanisms and the

fundamental effects in this market. But its volatile and speculative price movement

tends to dwarf fundamental values reflected in prices. In this paper, we demonstrate a

technical aspect that may downplay fundamental pricing even by using a large panel data

of individual firms to amend the limited information with aggregate historical data. We

point out the necessity to apply proper method of bias correction in the context of such

asset pricing problems with panel models.

In particular, we show that the rich information in a panel model does not necessarily

guarantee a correct inference of the fundamental impact of cash flows. The incidental

parameter biases can be moderate in the price persistence parameter in the reduced-

form model, but implies a substantial bias in the structural parameters. For example,

the downward bias in price elasticity is a sizable 30%. Moreover, we find that more

observations from higher frequency data may not alleviate the problem, which needs to

be carefully treated with bias correction method.

Our work also provides an explanation on the “casino” pricing feature in the Chinese
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stock market by introducing adaptive expectation. Slow adjustment in expectation leads

to price persistence. Together with large shocks, being external or internal, the price

reaction becomes “bubble” like.

Appendix

A1. Incidental parameter problem

This section gives a brief description on the incidental parameter problem, following

Fernández-Val and Weidner (2018).

A standard panel data model with N individuals and time length T is:

yit = β0xit + αi + ηt + εit (12)

where, E(εit|Xi1, · · · , Xit, α, η) = 0, α = (α1, · · · , αN), η = (η1, · · · , ηT ). The panel data

set is assumed to be large on both dimensions: T,N → ∞, N
T
→ p. Denote β̂NT as the

standard OLS estimator on β0 based on the full sample with cross-section N and time

span T:

β̂NT =
( N∑

i=1

T∑
t=1

x̃itx̃
′
it

)−1( N∑
i=1

T∑
t=1

x̃itỹit
)

(13)

where x̃it and ỹit represent residuals of the linear projection of xit and yit on the space

spanned by the individual and time effects. According to Fernández-Val and Weidner

(2017), the asymptotic distribution of β̂NT follows:

√
NT (β̂ − β0 −

B

T
− D

N
)

d−→ N(0, H−1) (14)
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where

B = H−1 plim
N,T→∞

−ENT

T∑
s=t+1

εitx̃is (15)

D = 0 for the linear setting (16)

H = plim
N,T→∞

ENT{x̃itx̃it} (17)

It is obvious that: under T,N → ∞, N
T
→ p, β̂ gives a consistent estimate on β0,

however, there exists an asymptotic bias problem because the asymptotic distribution of

β̂ does not center around β0, thus a bias correction is necessary.

A2. Split sample jackknife bias correction

In this paper, the split sample jackknife bias correction is employed to conduct the bias

correction. The method is introduced by Quenouille (1949) for time series data, and then

extended to panel data with individual effect (Dhaene & Jochmans, 2015) and both

individual and time effects (Fernández-Val & Weidner, 2016). Here we briefly describe

the way to construct the bias corrected estimator, following Fernández-Val and Weidner

(2018).

According to equation 14, the bias only exists in the mean of the asymptotic distri-

bution, the asymptotic variance is not affected. Thus, the only issue is to correct the

estimator so that it centers at the right value. Let β̂SBC denote the estimation on β0

after bias correction, and it can be calculated as:

β̂SBC = 3β̂NT − β̂N/2,T − β̂N,T/2 (18)

β̂N/2,T =
1

2
[β̂{i≤dN/2e,T} + β̂{i≥bN/2+1c,T}] (19)

β̂N,T/2 =
1

2
[β̂{N,t≤dT/2e} + β̂{N,t≥bT/2+1c}] (20)
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Again, we use subscripts to label the sample period with which the coefficient is esti-

mated. β̂N/2,T indicates an estimation on β0 with observations of half the individuals,

which is calculated by splitting the whole sample into two halves based on the individual

dimension, running the β̂ estimation on each sub-sample, and taking average of them.

Similar method is employed to estimate β̂N,T/2, except that the sample is split on the

time dimension rather than the individual dimension.
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Figure 1: China’s economic indicators (1996Q4-2019Q2)
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Figure 2: Reduced-form parameter distributions

a) Annual Data
1) Balanced panel
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b) Quarterly Data
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Note: In each panel, the black solid line indicates the density of estimated coefficients
before bias correction, while the blue dashed line indicates the one after bias correction.
The red vertical line indicates the position of the true value. Below each panel, we report
the median and variance in bracket for the parameter density before and after correction.
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Figure 3: Structural parameter distributions

a) Annual Data
1) Balanced panel
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Note: In each panel, the black solid line indicates the density of estimated coefficients
before bias correction, while the blue dashed line indicates the one after bias correction.
The red vertical line indicates the position of the true value. Below each panel, we report
the median and variance in bracket for the parameter density before and after correction.
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Figure 4: The time effects and macro factor effects
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Table 1: p-values of ADF test on quarterly macro variables

Variables Level First-difference

Quarterly

ct 0.954 0.010
M1t 0.178 0.010
CPIt 0.567 0.010
GDPt 0.327 0.010
Rt 0.010 0.207

Note: For each macro series, the ADF test is conducted on both the raw series and its
first difference. The significance level is α = 0.05.

Table 2: Simulation scenarios

Parameters Balanced Unbalanced

Annual
N = 564, Tmax = 22

Scenario 1 Scenario 2(c, δ) = (0.2, 0.5)
or (β1, β2) = (0.8, 0.1)

Quarterly
N = 719, Tmax = 50

Scenario 3 Scenario 4(c, δ) = (0.05, 0.5)
or (β1, β2) = (0.95, 0.025)

Table 3: Simulation designs on the time span composition in unbalanced panels

a) Scenario 2 (Annual)

Group g 1 2 3 4 5 6 7 8 9 10
Ng 86 113 77 73 63 29 60 46 15 2
Tg 4 7 8 10 12 14 16 18 19 22

b) Scenario 4 (Quarterly)

Group g 1 2 3 4 5 6 7 8 9 10
Ng 34 33 40 59 41 57 63 77 112 203
Tg 20 24 28 30 34 36 40 42 46 50
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Table 4: Summary of estimation biases: Percentage deviation (%) from the true value

a) On reduced-form parameters

Parameter Frequency
Simulation

Balanced Unbalanced

β1
Annual -11.6 -24.5

Quarterly -5.16 -6.74

b) On structural parameters

Parameter Frequency
Simulation

Balanced Unbalanced

c
Annual 46.5 98

Quarterly 98 128

δ
Annual -32.8 -52.2

Quarterly -50.2 -56
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Table 5: Estimation result with annual data (N = 564, Tmax = 22)

Eq. (10) Eq. (11)
M1

t M2
t Implicit

before after before after before after
Reduced Form Parameters

β1 0.579 0.579 0.638 0.641 0.624 0.768
(0.012) (0.012) (0.013) (0.013) (0.012) (0.012)

β2 0.248 0.249 0.238 0.242 0.119 0.106
(0.008) (0.008) (0.008) (0.008) (0.006) (0.006)

∆ct 3.696 3.676 0.955 0.755
(0.214) (0.214) (0.314) (0.314)

∆M1t 1.992 1.598
(0.106) (0.106)

∆GDPt 1.065 0.779
(0.532) (0.532)

∆CPIt -3.639 -2.773
(0.447) (0.447)

Rt 2.904 -5.711
(0.696) (0.696)

Structural Parameters
c 0.421 0.421 0.362 0.359 0.376 0.232

(0.012) (0.012) (0.013) (0.013) (0.012) (0.012)
δ 0.590 0.591 0.656 0.673 0.318 0.459

(0.020) (0.020) (0.027) (0.028) (0.016) (0.028)
Individual effect

controlled yes yes yes yes yes yes
corrected no yes no yes no yes

Time effect
controlled no no no no yes yes
corrected no no no no no yes

Note: Newey and West (1987) robost standard errors are reported in parentheses.
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Table 6: Estimation result with quarterly data (N = 719, Tmax = 50)

Eq. (10) Eq. (11)
M1

t M2
t Implicit

before after before after before after
Reduced Form Parameters

β1 0.807 0.807 0.798 0.798 0.859 0.925
(0.004) (0.004) (0.004) (0.004) (0.003) (0.003)

β2 0.030 0.030 0.035 0.035 0.030 0.026
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

∆ct 0.133 0.136 -2.081 -2.084
(0.050) (0.050) (0.069) (0.069)

∆M1t -0.053 -0.054
(0.027) (0.027)

∆GDPt 5.436 5.459
(0.139) (0.139)

∆CPIt -5.197 -5.211
(0.139) (0.139)

Rt -2.183 -2.168
(0.234) (0.234)

Structural Parameters
c 0.193 0.193 0.202 0.202 0.141 0.075

(0.004) (0.004) (0.004) (0.004) (0.003) (0.003)
δ 0.157 0.157 0.175 0.175 0.211 0.349

(0.011) (0.011) (0.009) (0.009) (0.010) (0.019)
Individual effect

controlled yes yes yes yes yes yes
corrected no yes no yes no yes

Time effect
controlled no no no no yes yes
corrected no no no no no yes

Note: Newey and West (1987) robost standard errors are reported in parentheses.
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Table 7: Correlation between the time effects and macro factor effects

a) Annual data

Macro factor (M
(1)
t κ) Macro factor (M

(2)
t κ)

Time effect 0.222 0.421

Macro factor (M
(2)
t κ) 0.566

b) Quarterly data

Macro factor (M
(1)
t κ) Macro factor (M

(2)
t κ)

Time effect 0.106 0.461

Macro factor (M
(2)
t κ) 0.085
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