17 CORE

Provided by Xiamen University Institutional Repository

Metadata, citation and similar papers at core.ac.uk

386 2019
*
1 2 3 1 4%k
(1. , , 100037
2. s 5 3. , 100037 ;
4. ( ), s , 361005)
|: :l 206 “ ”’
s “ +”

|: :l i 5 H
DOI:10.16262/j.cnki.1000-8217.2019.04.013

b

’ ’ ’
’ ’
° ’ N
’ ° ’
’ °
“ »
’ ’ ’
“ ”
o i
’ ’ ’
’ N N N ° ’
“ ”
° ’ °
’

~ ’ ’
N N N N

° ’ N N ’

’ ’ ~

°
’ ’ ’
° ’
:2019-03-14; :2019-04-11
* 206 “ ”

*k ,Email: hc335@ xmu. edu. cn


https://core.ac.uk/display/343509077?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1

387

4
,2018 8 9~10
( ) o
” 206 [} N ’
. 50 .
5 3 “ +”
R 5~10
2
2.1
) ,
1 1,
3 (GDP) . N
) (CPD.
s \ o (unit root)



388

2019

b b

. Phillipst! . White
Granger'?

, Gao Hawthornet*

(semi-parametric partially linear)

, Phillips  Hansen'™
1(D)

b
b

(fully-modified error-correction method)

Cai  Wang"™

s Amihud
Hurvicht*
)
s
, )
,
s
s
o )
,
)
o ,
s
. Space-time
Informetric o
)
) (

)
, Rodrigues

Mixing)
Model Averaging)

2.2

Salish™  Sun

,Han, Hong  Wang™"-

Yang'"

91%

80%

, Hansen!

b

’

ARM (Adaptive Regression by

MMA (Mallows

. Kuersteiner Okuit'?

. Hansen Racinet"

JMA (Jackknife Model Averaging)

(2017)

N .GPS
250

]

Gb



389

4
) ) o ('social network) ( spatial
s dependence), s
) (spillover effect) | (peer effect) .
) , (neighborhood effect) . ( strategic
( 500—50 000 interaction) ,
) .
, , . Currarini [
(machine learning) (
) o ’ ’
,Konig M

(supervised and unsupervised learning) .

(nestedness) ,

(enforcement learning ). ( transfer

learning) . (representation learning) . Jackson  Rogers!"™
(deep learning) . (node)
, , . Behrens ¥
b
o ’ H
( D) ,
) ( .
) b b
b N Y
A} A b b
2017 ,

(safety-critical)

, 38.9 Kapoor [
, (method of moments estimation)
o . ) b N
2.3 o
y 2.4

(treatment effect model)

b



390 2019
(Average Treatment Effect, ATE) y
(matching) ,
(unconfoundedness) ) /
. Rosenbaum Rubint??-2 (QTE/DTE),
, (ATE), ,Firpo  B%
, ( propensity score) ,
, o » Chernozhukov &
Dehejiat®  Heckman'2* ( Conditional Distribution
o Regression, CDR)
, (unconfoundedness) . Powell*"
) , (generalized quantile regression) ,
Angrist™?" | 2.5
Angrist®® |, Angrist  Imbens!®” ,
(local ATE) , 0
(Regression Discontinuity Design, .
RDD) s ,
(running variable) ) )

,Lee Lemieuxt?””
Fu Viard"-
s RDD
DID ., Fu GulY RDD



391

4
Acemoglut* , Adrian
Brunnermeier-® CoVaR,IMF

,llling  Liu®"

Kumar %

Simple Logit , KLR FR
(network analysis approach) . (Co-
Risk) | ( distress dependence
matrix) ( default intensity
model) ,

, (VaR,
CoVaR) . ( marginal expected
shortfall) (systemic expected
shortfall) | BIS
(distressed insurance premium)

(CISS) .IMF (EWE) .,
(RAMSD

3 5~10

3.1

40

3.2

5~10



392

2019

[1]

2]

(3]

[4]

(6]

[7]

[8]

[9]

[10]

[11]

Phillips PCB. The mysteries of trend. Macroeconomic

Review, 2010, 9(2). 82—89.

White H, Granger CW. Consideration of trends in time
series. Journal of Time Series Econometrics, 2011, 3(1).

1—40.

Gao J, Hawthorne K. Semiparametric estimation and testing

of the trend of temperature series. The Econometrics
Journal, 2006, 9(2): 332—355.
Phillips PCB, Hansen BE. Statistical inference in

instrumental variables regression with 1 (1) processes. The

Review of Economic Studies, 1990, 57(1). 99—125.
Cai ZW, Wang YF. Testing predictive regression models

with nonstationary regressors. Journal of Econometrics

2014, 178(1): 4—14.
Amihud Y, Hurvich CM. Predictive regressions: a reduced-

bias estimation method. Journal of Financial and

Quantitative Analysis, 2004, 39(4): 813—841.
Rodrigues PM, Salish N. Modeling and forecasting interval
time series with threshold models. Advances in data analysis

and classification, 2015, 9(1): 41—57.

Sun YY, Han A, Hong YM, et al. Threshold

autoregressive interval models for interval-valued time series

data. Journal of Econometrics, 2018, 206(2) . 414—446.

Han A, Hong Y, Wang S. “ Autoregressive conditional

models for interval-valued time series data”. Cornell

University, manuscript. 2018.

Yang YH. Adaptive regression by mixing. Journal of the

American  Statistical 2001, 96(454) .

Association,
574-—586.
Hansen BE. Least squares model averaging. Econometrica,

2007, 75(4): 1175—1189.

[12]

(13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

Kuersteiner G, Okui R. Constructing optimal instruments
by first stage prediction averaging. Econometrica, 2010, 78
(2): 697—718.

Hansen BE, Racine JS. “Jackknife model averaging”.
Journal of Econometrics, 2012, 167(1). 38—46.

Lecun Y, Bengio Y., Hinton G. Deep learning, Nature,
2015, 521(7553) . 436—444.

Currarini S, Jackson MO, Pin P. An economic model of
friendship:  homophily, minorities, and segregation.
Econometrica, 2009, 77(4): 1003—1045.

Konig MD, Tessone C, Zenou Y. Nestedness in networks: a

theoretical model and some applications. Theoretical

Economics, 2014, 9(3): 695—752.

Jackson MO, Rogers BW. meeting strangers and friends of
friends: how random are socially generated networks .
American Economic Review, 2007, 97(3): 890—915.
Behrens K, Ertur C, Koch W. Dual gravity: using spatial
econometrics to control for multilateral resistence. Journal of
Applied Econometrics, 2012, 27(5): 773-—794.

Yu JH, Robert de Jong, Lee LF. Quasi-maximum likelihood
estimators for spatial dynamic panel data with fixed effects
Journal of Econometrics,

when both n and T are large.

2008, 146(1). 118—134.
Su LJ, Yang ZL. QML estimation of dynamic panel data
models with spatial errors. Journal of Econometrics, 2015,
185(1): 230—258.

Baltagi BH. Song SH, Jung BC, et al. Testing for serial
correlation, spatial autocorrelation and random effects using
panel data. Journal of Econometrics, 2007, 140(1): 5—51.

Kapoor M, Kelejian HH, Prucha IR. Panel data models

with spatially correlated error components. Journal of
Econometrics, 2007, 140(1). 97—130.

Rosenbaum PR. Rubin DB. The central role of the
propensity score in observational studies for causal effects.
Biometrika, 1983, 70(1): 41—55.

Rosenbaum PR, Rubin DB. Reducing bias in observational
sStudies using subclassification on the propensity score.
Journal of the American Statistical Association, 1985, 79
(387): 516—524.

Dehejia RH, Wahba S. Causal effects in nonexperimental
studies: reevaluating the evaluation of training programs.
Journal of the American Statistical Association, 1999, 94
(448): 1053
Heckman JJ,

1062.

Ichimura H, Todd PE. Matching as an
econometric evaluation estimator: Evidence from evaluating
Review of Economic Studies,

a job training programme.

1997, 64(4): 605—54,



4 . 393

[27] Imbens GW, Angrist JD. Identification and estimation of [33] Chernozhukov V, Fernandez-Val I, Melly B. Inference on
local average treatment effects. Econometrica. 1994, 62(2) . counterfactual distributions. Econometrica, 2013, 81(6):
46745, 22052268,

[28] Angrist JD, Imbens GW, Rubin DB. Identification of causal
[34] Powell D. Quantile treatment effects in the presence of

effects using instrumental variables. National Bureau of

covariates. working paper. 2016.
Economic Research. Technical Working Paper 136. 1993.

[29] Lee DS, Thomas L. Regression discontinuity designs in [35] Acemoglu D, Carvalho VM, Ozdaglar A, et al. The

cconomics. Journal of Economic Literature, 2010, 48 (2): network origins of aggregate fluctuations. Econometrica,

281—355. 2012, 80(5): 1977—2016.

[30] Viard VB, Fu SH. The effect of Beijing’s driving restrictions [36] Adrian T, Brunnermeier MK. “ CoVaR ”. American
on pollution and economic activity. Journal of Public economic reviews 2016, 106(7): 1705—1741

Economics, 2015, 125: 98—115. . . . . .
[37] Illing M, Liu Y. An index of financial stress for Canada.

[31] Fu SH, Gu YZ. Highway toll and air pollution: evidence

Bank of Canada, Staff Working Papers, 2003, 29(03-14).
from Chinese cities. Journal of Environmental Economics and

Management, 2017, 83: 3249, [38] Kumar M, Moorthy U, Perraudin W. Predicting emerging

[32] Firpo S, Fortin NM, Lemieux T. Unconditional quantile market currency crashes. Journal of Empirical Finance,

regressions. Econometrica, 2009, 77(3): 953—973. 2003, 10C4): 427454,

Several influential research directions of econometrics theory in big data era
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Abstract As a review of the 206™ “Shuangqing Forum”, this article provides a summary about the
opportunities and challenges for econometrics brought by new data form and complex relationship among
variables in big data era. Forum participants reach a consensus that Chinese scholar should fully utilize the
advantage of big data endowment under the background of the “Internet Plus” national strategy and fast
development of digital economy, try to achieve certain significant and original theoretical breakthrough in
the following areas, such as forecasting and modelling of Macro-level data, modelling of high dimensional
and non-structural data, modelling of time series and spatial data, policy evaluation based on big data and

financial data modelling with modern network.

Key words big data era; complex data; econometrics modelling; policy evaluations



