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断点回归设计



断点回归设计原理
The Principle of RDD
断点回归设计（简称断点回归，RD）适⽤于处理⽔平不是随机分配，且协变量⽆法全部观测
时。DID 和 SC 利⽤了⾯板数据消除协变量的影响。RD 针对的是处理变量  是另⼀变量的阈值
函数的情况。 
 
假设可观测协变量  可以按照下⾯定义的⽅式决定分配结果， 
 

	 ，     

 
我们称  为得分变量（score variable）或驱动变量（running variable），  为断点（cutoff 
point）或阈值（threshold）。 
 
例如，助学⾦的发放、政府保障房的申请（ ）等往往要求家庭收⼊（ ）低于某⼀⽔准
（ ）。⽽奖学⾦的发放（ ）则要求成绩或成绩排名（ ）⾼于某⼀⽔准（ ）。 
 
RD 设计的核⼼假设是：


• 在断点附近的个体⽆法决定⾃身的 ，此时出现在断点两侧近邻个体的处理分配接近随机。因
此 RD 设计不需要假设分配的随机性，其应⽤场景更加⼴泛。
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RD 设计与平均处理效应：精确 RD
RDD and ATE: Sharp RD
RD 设计包含很多变种，我们从最简单的精确 RD （sharp RD）开始介绍。 
 
Sharp RD 是指  的取值完全服从定义，换句话说是所有个体都服从对处理的分配。与其相对的是模糊 RD 
（fuzzy RD），即有些个体不服从对处理的分配。 
 
对于 sharp RD，  时的平均处理效应可以定义为 
 

	  

 
 的识别条件是：


• 连续性假设（continuity assumption）：  和  是  的连续函数。（Hahn et 
al., 2001） 
 

从连续性假设可知，其他影响潜在结果的协变量在  时不会发⽣跳跃性变化。否则，我们⽆法确定处
理效应是否源⾃ 。 

基于连续性假设，我们可以把断点左侧的平均观测值（对照组）作为断点右侧的平均观测值（处理组）在未
接受处理时的潜在结果的估计量。


Wi

Xi = c

τSRD = E[Y1i − Y0i ∣ Xi = c]
= lim

x↓c
E[Yobs

i ∣ Xi = x] − lim
x↑c

E[Yobs
i ∣ Xi = x]

τSRD

E[Y1i ∣ Xi = x] E[Y0i ∣ Xi = x] x

Xi = c
Wi
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Hahn, Todd, & van der Klaauw  (2001). Identification and Estimation of Treatment Effects with a Regression-Discontinuity Design. 

Econometrica, 69:1, 201-209.
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E[Y1|X] τSRD = E[Y1 − Y0|X = c]

Figure 7
Regression discontinuity design. The outcome of interest is Y ; the score is X, and the cutoff point is c.
Treatment assignment and status is W = 1(X ≥ c). The graph includes the estimable regression functions
(solid lines) and their corresponding unobservable portions (dotted lines).

7.1. Falsification and Validation
An important feature of all RD designs is that their key identifying assumption can be supported
by a variety of empirical tests, which enhances the plausibility of the design in applications. The
most popular approaches for validating RD designs in practice include (a) testing for balance on
preintervention covariates among units near the cutoff (Lee 2008), (b) testing for continuity of the
score’s density function near the cutoff (Cattaneo et al. 2017a, McCrary 2008), and (c) graphing
an estimate of E[Y |X = x] at the cutoff and away from the cutoff (Calonico et al. 2015). Other
falsification and validation methods are also used in practice, although these are usually tailored
to special cases (for a practical introduction to these methods, see Cattaneo et al. 2018a).

7.2. Estimation and Inference
The continuity assumptions on conditional expectations at the cutoff, which necessarily rely on
the score variable being continuously distributed near the cutoff, imply that extrapolation is un-
avoidable in canonical RD designs. Observations near the cutoff are used to learn about the
fundamentally unobserved features of the conditional expectations E[Y1|X = c] and E[Y0|X = c]
at the cutoff. Local polynomial regression methods are the most common estimation approaches
in this context, as they provide a good compromise between flexibility and practicality.

The core idea underlying local polynomial estimation and inference involves three simple steps:
(a) Localize the sample near the cutoff by discarding observations with scores far from the cutoff,
(b) employ weighted least-squares to approximate the regression functions on either side of the
cutoff separately, and (c) predict and extrapolate the value of the regression functions at the cutoff.
More formally, assuming a random sample of size n, the standard local-linear RD estimator τ̂SRD
is obtained by the local (to the cutoff c) weighted linear least squares regression




β̂0

τ̂SRD
β̂



 = arg min
β0,τ ,β1,β2

n∑

i=1

[
Yi − β0 −Wiτ − (Xi − c)β1 − (Xi − c)Wiβ2

]2
K
(

X i − x̄
h

)
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Abadie & Catteneo (2018). Econometric Methods for Program Evaluation. Annual Review of Economics, 10:465-503.

连续函数



 的⾮参估计τSRD
Nonparametric Estimation of τSRD

• 核密度估计（kernel density estimation）  
 

选取⼀个带宽（bandwidth） ，然后选取  内的个体  ， 
 

	  

 
这个估计量是边界核密度估计的⼀个特殊形式（采⽤⻓⽅形核密度函数，详⻅ Imbens & 
Lemieux, 2008）。此估计量的估计偏差是  的线性函数，收敛很慢。 

• 局部线性回归（local linear regression） 
 

在断点  左右两侧的带宽内，⽤  对  进⾏回归： 
 

	 断点左侧：     for  
	 断点右侧：      for  
 

则 。 

h > 0 Xi ∈ [c − h, c + h] i

̂τSRD =
∑i:Xi∈[c,c+h] Yobs

i

∑i:Xi∈[c,c+h] 1
−

∑i:Xi∈[c−h,c) Yobs
i

∑i:Xi∈[c−h,c) 1

h

c (Xi − c) Yobs
i

Yobs
i = αℓ + βℓ(Xi − c) + εi Xi ∈ [c − h, c)

Yobs
i = αr + βr(Xi − c) + εi Xi ∈ [c, c + h]

̂τSRD = α̂OLS
r − α̂OLS

ℓ
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Imbens & Lemieux (2008). Regression discontinuity designs: A guide to practice. Journal of Econometrics, 142, 615-635.



 的回归估计τSRD
Estimation of  Using RegressionτSRD

我们也可以⽤下⾯的全域线性回归模型对  进⾏估计 
 
	      
 
在这个模型中， 
 

	  

 
 和  分别是断点左右两侧的斜率。因此， 。 

 
此处的回归模型和局部线性回归的区别为是否要把观测值限定在带宽之内，⽽从⽅法论上说，回归（不
限定带宽）属于参数估计，局部线性回归（限定带宽）属于⾮参估计。 
 
有时回归的线性假设可能太强，这时候也可以加⼊  的⾼次项。但是需要注意的是，加⼊三次以
上的项弊⼤于利，具体可参考 Gelman & Imbens (2017)。 
 
关于如何选择最优带宽，可参考 Imbens & Kalyanaraman (2012)。 
 
 

τSRD

Yobs
i = α + β(Xi − c) + τWi + γ(Xi − c) × Wi + εi

α = E[Y0i ∣ Xi = c]
τ = E[Y1i − Y0i ∣ Xi = c]

β β + γ ̂τSRD = ̂τOLS

Xi − c
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Gelman & Imbens (2019). Why High-Order Polynomials Should Not Be Used in Regression Discontinuity Designs. Journal of 
Business & Economic Statistics, 37:3, 447-456.

Imbens & Kalyanaraman (2012). Optimal Bandwidth Choice for the Regression Discontinuity Estimator. Review of Economic 
Studies, 79, 933-959.



图形分析
Graphical Analysis
RD 设计相⽐其他⽅法的优势之⼀是可以通过⼀些图形分析法⽅便地判断平均处理效应的有⽆。 
 
最基本的图形分析是 RD plot。这是⼀种类似直⽅图的数据整合⽅法，⽬的是将观测结果  在⼀些区
间中的均值以散点图的形式展现。具体⽅法是：


• 在断点  左右两侧各确定区间个数  和 ，确定区间宽度，并计算每个区间  的左右端点；


• 针对  取值在区间  中的个体 ，计算其观测结果  的均值 ；


• 将每个  画在区间  的中点处。

Yobs
i

c Kℓ Kr k

Xi k i Yobs
i Ȳobs

k

Ȳobs
k k
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Figure 6.1.1 The sharp regression discontinuity design.

functional form for f (xi). For example, modeling f (xi) with a
pth-order polynomial, RD estimates can be constructed from
the regression

yi = α+β1xi +β2x2
i + · · · +βpxp

i + ρdi + ηi. (6.1.4)

此图取⾃

Angrist & Krueger (2009).

Mostly Harmless Econometrics.

• 图中也可加⼊回归曲线。

• 也可针对其它可观测协变量作图， 
⽬的是确认连续性假设是否成⽴。



模糊 RD
Fuzzy RD
在 sharp RD 的设定下，所有个体都服从对处理的分配，即给出  的取值时，  的概率或为 0 或为 1。 
 
Fuzzy RD 设计对以上设定做出让步，即允许⼀部分⼈不服从分配，但要满⾜下⾯的条件 
 
	  

 
Sharp RD 可以看作 fuzzy RD 的⼀种特殊情况，即上式两边的概率之差为 1。 
 
Fuzzy RD 设计中  时的局部平均处理效应（LATE）定义为 
 

	  

 
此处需要假设单调性条件：


• 单调性（monotonicity）：  为  的⾮增加函数（不存在 defier）。  
 

Complier：当  时， ； 当  时，  
Always taker：  
Never taker：

Xi Wi = 1

lim
x↓c

Pr(Wi = 1 ∣ Xi = x) ≠ lim
x↑c

Pr(Wi = 0 ∣ Xi = x)

Xi = c

τFRD = E[Y1i − Y0i ∣ Xi = c, i is a complier]

=
limx↓c E[Yobs

i ∣ Xi = x] − limx↑c E[Yobs
i ∣ Xi = x]

limx↓c E[Wi ∣ Xi = x] − limx↑c E[Wi ∣ Xi = x]

Wi(c) c
c ≤ Xi Wi = 1 c > Xi Wi = 0
Wi = 1

Wi = 0
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 的估计τFRD
Estimation of τFRD

为了估计 ，只需找到其定义中四个极限条件期望的估计量。在 sharp RD 的估计中我们已经找到
了分⼦的⾮参估计量（核密度估计），这⾥也可以⽤同样的⽅法估计分⺟。但是这种⽅法偏差较⼤。 
 
更好的⽅法是采⽤局部线性回归进⾏估计。和前⾯⼀样，我们在断点  左右两侧的带宽内考虑四个回
归： 
 
	 断点左侧结果变量：     for  
	 断点右侧结果变量：      for  
	 断点左侧处理变量：     for  
	 断点右侧处理变量：      for  
 

则  的估计量是  

 
也可以考虑下⾯的回归模型： 
 
	  
 
采⽤  作为  的⼯具变量对  进⾏ 2SLS 估计也可以得到相同的 。

τFRD

c

Yobs
i = αyℓ + βyℓ(Xi − c) + εi Xi ∈ [c − h, c)

Yobs
i = αyr + βyr(Xi − c) + εi Xi ∈ [c, c + h]

Wi = αwℓ + βwℓ(Xi − c) + εi Xi ∈ [c − h, c)
Wi = αwr + βwr(Xi − c) + εi Xi ∈ [c, c + h]

τFRD ̂τFRD =
α̂OLS

yr − α̂OLS
yℓ

α̂OLS
wr − α̂OLS

wℓ

Yobs
i = αyℓ + βyℓ𝟣{Xi<c}(Xi − c) + βyr𝟣{Xi≥c}(Xi − c) + τWi + εi

𝟣{Xi≥c} Wi τ ̂τFRD

10



实证研究



Lee (2008)

核⼼问题：在美国的众议院选举中是否存在执政党优势 
 
背景：


• 美国议会（Congress）分为众议院（House of Representatives）和参议院（Senate）


• 众议院按⼈⼝⽐例划分选区（每个州⾄少有⼀个选区，现在共有435个选区），从
每个选区选出⼀名议员。议员任期为两年，每两年进⾏⼀次全体改选。


• 参议院以州为单位进⾏选举，从每个周选出两名议员（共有100个议席）。议员任
期为六年，每两年有 1/3 的议员需要改选（每个州每次最多改选⼀名）。


• 州有权决定州内的选举⽅式。例如，佐治亚州和路易斯安那州要求过半数的候选⼈
才能当选（若没有，则在得票数前两位的候选⼈间进⾏第⼆轮选举，得票数多者当
选）；其他州要求得票数最多的候选⼈当选（不要求过半数）。


• 2022年改选结果：


• 参议院：⺠主党 51 v.s. 共和党 49


• 众议院：⺠主党 213 v.s. 共和党 222

12



2022 年美国议会选举结果

13

众议院 参议院

众议院的议席总数固定在 435，但是选区会根据⼈⼝变化⽽动态调整。

美国每⼗年会进⾏⼀次⼈⼝普查，根据⼈⼝普查结果，每⼗年向各州重新分配议席数。

例如在2022年选举中，得克萨斯州增加了两个议席，另外有五个州各增加了⼀个议席。加利福尼亚州等七个州

各减少了⼀个议席。



美国的总统选举（题外话）

• 美国的总统选举采⽤“选举⼈团”模式，是⼀种两阶段间接选举⽅法。


• 第⼀阶段-普选：以州为单位对总统和副总统候选⼈进⾏公⺠投票。投票⼈选择⾃⼰⽀持的候
选⼈进⾏投票。


• 第⼆阶段-选举⼈团选举：在州内普选中获胜的候选⼈所属党派会按事先分配的名额选出⼀定
数量的“选举⼈”。全国的选举⼈在⼀起投票选出总统和副总统。


• 对于⼤多数州来说，赢得该州普选的总统候选⼈会赢得该州所有选举⼈的⽀持（“赢者通
吃”）。内布拉斯加州和缅因州会分配选举⼈给不同的总统候选⼈。 

• 选举⼈的⼈数


• 每个州的选举⼈⼈数 = 该州的众议院议席数 + 2（参议院议席数）


• 华盛顿哥伦⽐亚特区拥有 3 个选举⼈


• 现在全国共有 435 + 100 + 3 = 538 个选举⼈。总统和副总统候选⼈需要获得过半数的 270 票
才能当选。如果低于这个票数，应由众议院投票选出。众议院也⽆法选出时，由参议院选出。 

• 选举⼈原则上需要忠于⾃⼰的党派（忠于州内的普选结果），但也有背叛者出现（2016年特朗普
对希拉⾥克林顿的选举中，有7名选举⼈背叛了⾃⼰的党派）。

14



变量与模型

本⽂中的执政党优势（incumbency advantage）指在选举中，候选⼈和现任议员同属⼀个党派给选举结
果带来的正向影响。因此样本中的个体为选区。 
 
数据显示，在 1948-1998 年间，执政党（选区内议员所属的党）所属候选⼈在下⼀次选举中当选的概率
⼀直保持在 90% 左右。现任议员再次参选并连任的概率也保持在80%左右。但这些数字并不能直接说
明执政党优势的因果关系，因为有太多协变量对其进⾏⼲扰。 
 
我们⽆法在控制其他变量的同时随机改变执政党。但是幸运的是，执政党由得票率决定，因此可以⽤ 
RDD 对因果效应进⾏估计。 
 
假设每个地区只有两个党派，在选举中得票率超半数的党派为执政党。令  为⺠主党候选⼈在  选区
的  年度选举中的得票率（ ），  是⺠主党在  选区的下⼀届选举中是否是现任执政党的虚拟
变量，  是影响现任议员选举结果的协变量（选区选⺠的政治倾向、政党的政治资源、候选⼈资质
等）。作者考虑下⾯的回归模型： 
 
	 ,          
 
并假设条件密度函数  关于  连续， 。 
 
此模型中的  代表执政党在下⼀届选举中的优势。  通常包含不可观测变量，因此 OLS 估计不准确。

vit i
t t ∈ 1,2 di2 i

wi1

vi2 = w⊤
i1α + βvi1 + γdi2 + ei2 di2 = 𝟣{vi1≥0.5}

fi1(vi1 = v ∣ wi1 = w) v E[ei2 ∣ wi1, vi1] = 0

γ wi1

15



基于 RDD 的估计

作者采⽤了另⼀种 RDD 的解释，即在断点附近，对处理的分配接近随机。通过假设选
⺠在投票时有随机外⽣因素对其决策产⽣影响，我们可以认为断点附近有近似随机的处
理分配。 
 
将现任选举中（ ）⺠主党以⼩幅优势当选的州作为处理组，以⼩幅劣势落选的州
作为对照组，通过⽐较它们在下⼀届选举中（ ）的平均得票率之差可以估计平均
处理效应。 
 
本⽂中的样本包含1946-1998年间的选举结果，将其中1946-1996年间的数据作为现任
选举（ ），1948-1998年间的数据作为下⼀届选举（ ）。由于每⼗年⼀次的
选区变更，加上独⽴变量包含两届连续选举中的数据，因此作者将个位为 0 和 2 的年
份从数据中剔除。 
 
美国并不是严格意义上的两党制，有些州中第三⽅候选⼈的得票率也不可忽视，导致真
正的胜出线不在 50%。因此，作者⽤⺠主党候选⼈的得票率减去其他候选⼈中的最⾼
得票率作（Democratic vote share margin）为得分变量，并将断点值设为 0 。

t = 1
t = 2

t = 1 t = 2
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Democrats’ strongest opponent (virtually always a Republican). Each point is an average of the indicator
variable for running in and winning election tþ 1 for each interval, which is 0.005 wide. To the left of the
dashed vertical line, the Democratic candidate lost election t; to the right, the Democrat won.

As apparent from the figure, there is a striking discontinuous jump, right at the 0 point. Democrats who
barely win an election are much more likely to run for office and succeed in the next election, compared to
Democrats who barely lose. The causal effect is enormous: about 0.45 in probability. Nowhere else is a jump
apparent, as there is a well-behaved, smooth relationship between the two variables, except at the threshold
that determines victory or defeat.

Figs. 3a–5a present analogous pictures for the three other electoral outcomes: whether or not the Democrat
remains the nominee for the party in election tþ 1, the vote share for the Democratic party in the district in
election tþ 1, and whether or not the Democratic party wins the seat in election tþ 1. All figures exhibit
significant jumps at the threshold. They imply that for the individual Democratic candidate, the causal effect
of winning an election on remaining the party’s nominee in the next election is about 0.40 in probability. The
incumbency advantage for the Democratic party appears to be about 7% or 8% of the vote share. In terms of
the probability that the Democratic party wins the seat in the next election, the effect is about 0.35.
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Fig. 2. (a) Candidate’s probability of winning election tþ 1, by margin of victory in election t: local averages and parametric fit. (b)
Candidate’s accumulated number of past election victories, by margin of victory in election t: local averages and parametric fit.

D.S. Lee / Journal of Econometrics 142 (2008) 675–697686

图中的点是区间内⺠主党议员是否参加并赢得下⼀届选举的样本均值，区间宽度为 0.005（即 5‰）。

RD 估计显示，⺠主党执政期的连任概率⽐⾮执政期⾼约 45%。
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candidate, and the opposing candidate weaker, compared to districts where the Democrat eventually loses
election t. For each of these rows, the differences become smaller as one examines closer and closer elections—
as (c) of Proposition 3 would predict.

These differences persist when the margin of victory is less than 5% of the vote. This is, however, to be
expected: the sample average in a narrow neighborhood of a margin of victory of 5% is in general a biased
estimate of the true conditional expectation function at the 0 threshold when that function has a non-zero
slope. To address this problem, polynomial approximations are used to generate simple estimates of the
discontinuity gap. In particular, the dependent variable is regressed on a fourth-order polynomial in the
Democratic vote share margin of victory, separately for each side of the threshold. The final set of columns
report the parametric estimates of the expectation function on either side of the discontinuity. Several non-
parametric and semi-parametric procedures are also available to estimate the conditional expectation function
at 0. For example, Hahn et al. (2001) suggest local linear regression, and Porter (2003) suggests adapting
Robinson’s (1988) estimator to the RDD.

The final columns in Table 1 show that when the parametric approximation is used, all remaining
differences between Democratic winners and losers vanish. No differences in the third to eighth rows are
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Fig. 4. (a) Democrat party’s vote share in election tþ 1, by margin of victory in election t: local averages and parametric fit. (b)
Democratic party vote share in election t" 1, by margin of victory in election t: local averages and parametric fit.

D.S. Lee / Journal of Econometrics 142 (2008) 675–697688

statistically significant. These data are consistent with implication (c) of Proposition 3, that all pre-determined
characteristics are balanced in a neighborhood of the discontinuity threshold. Figs. 2b, 3b, 4b, and 5b, also
corroborate this finding. These lower panels examine variables that have already been determined as of
election t: the average number of terms the candidate has served in Congress, the average number of times he
has been a nominee, as well as electoral outcomes for the party in election t! 1. The figures, which also
suggest that the fourth order polynomial approximations are adequate, show a smooth relation between each
variable and the Democratic vote share margin at t, as implied by (c) of Proposition 3.

The only differences in Table 1 that do not vanish completely as one examines closer and closer elections,
are the variables in the first two rows of Table 1. Of course, the Democratic vote share or the probability of a
Democratic victory in election tþ 1 is determined after the election t. Thus the discontinuity gap in the final
set of columns represents the RDD estimate of the causal effect of incumbency on those outcomes.

In the analysis of randomized experiments, analysts often include baseline covariates in a regression analysis
to reduce sampling variability in the impact estimates. Because the baseline covariates are independent of
treatment status, impact estimates are expected to be somewhat insensitive to the inclusion of these covariates.
Table 2 shows this to be true for these data: the results are quite robust to various specifications. Column (1)
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Fig. 5. (a) Democratic party probability victory in election tþ 1, by margin of victory in election t: local averages and parametric fit. (b)
Democratic probability of victory in election t! 1, by margin of victory in election t: local averages and parametric fit.
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⺠主党在下⼀届选举中的得票率。

执政党优势约为 7%-8%。

⺠主党在下⼀届选举中的当选率。

执政党优势约为 35%。



对连续性假设的检验

如果连续性假设成⽴，则任何处理前协变量都应满⾜连续性。此时针对协变量进⾏ RD 
估计不会得到有效的结果。 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
针对⺠主党议员连任次数进⾏ RD 估计，结果并不显著，侧⾯验证了连续性假设。
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Democrats’ strongest opponent (virtually always a Republican). Each point is an average of the indicator
variable for running in and winning election tþ 1 for each interval, which is 0.005 wide. To the left of the
dashed vertical line, the Democratic candidate lost election t; to the right, the Democrat won.

As apparent from the figure, there is a striking discontinuous jump, right at the 0 point. Democrats who
barely win an election are much more likely to run for office and succeed in the next election, compared to
Democrats who barely lose. The causal effect is enormous: about 0.45 in probability. Nowhere else is a jump
apparent, as there is a well-behaved, smooth relationship between the two variables, except at the threshold
that determines victory or defeat.

Figs. 3a–5a present analogous pictures for the three other electoral outcomes: whether or not the Democrat
remains the nominee for the party in election tþ 1, the vote share for the Democratic party in the district in
election tþ 1, and whether or not the Democratic party wins the seat in election tþ 1. All figures exhibit
significant jumps at the threshold. They imply that for the individual Democratic candidate, the causal effect
of winning an election on remaining the party’s nominee in the next election is about 0.40 in probability. The
incumbency advantage for the Democratic party appears to be about 7% or 8% of the vote share. In terms of
the probability that the Democratic party wins the seat in the next election, the effect is about 0.35.
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Fig. 2. (a) Candidate’s probability of winning election tþ 1, by margin of victory in election t: local averages and parametric fit. (b)
Candidate’s accumulated number of past election victories, by margin of victory in election t: local averages and parametric fit.
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Hoekstra (2009)
The Effect of Attending the Flagship State University on Earnings: A Discontinuity-Based Approach  
Review of Economics and Statistics, 91:4, 717-724.

核⼼问题：⼤学质量对收⼊的影响 
 
作者针对是否就读⼀流公⽴⼤学（flagship state university）对毕业后收⼊的影响进⾏了 
RDD 研究。 
 
数据：


• 某⼀流公⽴⼤学（匿名）的申请⼈信息（⽩⼈学⽣，1986-1989年间申请该学校） 
包括：社会保险号码、性别、申请⼊学学期、SAT得分、该学⽣是否⼊学、该学⽣⾼中
阶段的GPA。（这类数据通常⾮常难以获得）


• 该⼤学所在州的失业保险缴税信息 
匹配了上⾯数据中的申请⼈在1998Q1-2005Q2间的季度收⼊。 

作者选择了样本中⽩⼈男性在其28-33岁间（⾼中毕业后10-15年）的收⼊作为分析对
象。⽂中的断点为⼊学录取条件（与SAT和GPA有关，后⾯详述），因此作者舍弃了样本
中成绩特别好和特别差的申请⼈，最终保留了12189个申请⼈，其中有8424个在其28-33
岁间有⾄少⼀年的收⼊数据。
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⼤学录取中的断点

在⽂中讨论的时代，⼤学⼊学录取是基于 SAT 得分和 GPA 分数的⾮线形函数。每⼀个 
GPA 分数都有⼀个对应的 SAT 录取线，⽽该录取线随 GPA 分数的升⾼⽽降低。 
 
作者将录取规则整合为⼀个⼀维函数：


• 针对每⼀个 GPA 分数，从申请⼈的 SAT 得分中减去该 GPA 对应的录取分数线，得到调
整后的 SAT 得分（adjusted SAT）。


• 这样做意味着所有申请⼈的 adjusted SAT 录取线都为 0，⽽ adjusted SAT 得分为正数者
被录取。 

录取分数线的缺失与估计：


• ⼤学没有记录具体的 SAT 录取分数线！因此作者⽤下⾯的⽅法对每个组别（申请⼊学学
期  GPA 分数）的录取分数线进⾏了估计。


• 假设录取结果服从回归模型 。作者尝试了所有可能

的 cutoff 进⾏ OLS 估计，从中选出令  最⼤的 cutoff 值作为该组别的 SAT 录取分数
线。

×
𝟣Acceptance = β0 + β1𝟣SAT≥cutoff + ε

R2

21



⼊学率在断点附近的变化
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V. Results

A. Earnings Discontinuities at the Admission Cutoff

To the extent that there are economic returns to attend-
ing the flagship state university, one should observe a

discontinuity in earnings at the admission cutoff. This
is shown for white men in figure 2, which shows a
regression of residual earnings on a cubic polynomial of
adjusted SAT score. Table 1 shows the discontinuity
estimates that result from varying functional form

FIGURE 1.—FRACTION ENROLLED AT THE FLAGSHIP STATE UNIVERSITY
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收⼊在断点附近的变化
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敏感性分析
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assumptions15 and bandwidths, the results of which re-
veal statistically significant earnings discontinuities on
the order of 7.4% to 11.1%. In general, the estimates are
larger as higher-order and more flexible polynomials are
used. Finally, in results available on request, I find
suggestive but inconclusive evidence that the earnings
premium is larger for students who have high school
GPAs above the median given their adjusted SAT score,
term, and year. This suggests that students who, say, tend
to work harder in the classroom but test lower experience
either high human capital accumulation or a larger sig-
naling effect due to attending the flagship.16

It is comforting to note that the estimates are not affected
in a meaningful way by the inclusion of control variables
such as actual SAT score and high school GPA, consistent
with the identifying assumption of the regression disconti-

nuity design. In addition, the results do not appear to be
driven by earnings outliers; the discontinuity using median
regression fit with an inflexible cubic yields a statistically
significant discontinuity estimate of 10.0%.

B. Intent-to-Treat and Enrollment Effects

In order to calculate the effect of admission and enroll-
ment on earnings, the earnings discontinuities reported in
the previous section must be reweighted by the enrollment
(or admission) discontinuities due to the fuzzy discontinui-
ties in admission and enrollment. I do this using two-stage
least squares,17 for which the first-stage F-statistics are over
300. The results are shown in the last two columns of table
1 and suggest intent-to-treat (admission) effects ranging
from 11.0% to 17.0% and enrollment effects of at least
18.1%.

VI. Interpretation

Like other papers (e.g., Jacob & Lefgren, 2004), the
approach here uses a fuzzy discontinuity design due to the
fact that the estimated discontinuities in admission and
enrollment rates are less than 1. While this does not inval-
idate the research design, it does change the interpretation of
the estimates. The estimates presented here are local aver-
age treatment effects and should be interpreted as the causal
effect only for those applicants on the margin whose enroll-
ment decisions were determined by the admission guideline.
While clearly not everyone’s enrollment decision was de-
termined by this admission cutoff, as shown in figure 1 it

15 Due to concern for potential specification error of the type described
by Card and Lee (2006) that arises in estimating the cutoff assuming that
the specification errors are independent but unequal, the standard errors
were computed by bootstrapping using the adjusted SAT score as the
resampling cluster. In addition, I ran goodness-of-fit tests as outlined in
Card and Lee. While the null hypothesis that the polynomial is not too
restrictive is not rejected for any of the polynomials in rows 1 to 3, the test
statistic does indicate that the flexible quadratic is “better” than the
inflexible quadratic (not shown) and the cubic is (very slightly) “better”
than the flexible quadratic. Furthermore, while more flexible specifications
for the restricted samples used in rows 4 and 5 are slightly preferred to
those shown, allowing for higher-order and more flexible polynomials
there yields even larger estimates than those shown. For example, allow-
ing a flexible linear function in specification 5 increases the estimated
discontinuity from 7.4% to 10.8%. The upshot is that to the extent there
is specification error, it appears less likely for specifications yielding
larger estimates.

16 Specifically, in equation (2), I add a dummy variable indicating if the
applicant’s high school GPA was higher than the median for men with the
same adjusted SAT score who applied in the same term and year. I also
interact that dummy variable with the dummy variable indicating if the
applicant was above the admission cutoff. The earnings discontinuity for
students with above-median GPAs ranges from 3.2 to 7.8 percentage
points higher than those for students with below-median GPAs for the five
specifications shown in table 1, though only two of the differences are
statistically significant at the 10% level.

17 For a rigorous discussion of the relationship between discontinuity
estimates and 2SLS estimates, see Hahn, Todd, and Van der Klaauw
(2001).

TABLE 1.—EARNINGS DISCONTINUITIES AND CORRESPONDING INTENT-TO-TREAT AND ENROLLMENT ESTIMATES FOR WHITE MEN

Regression Specification

Discontinuity Treatment Effect

Function of
Adjusted SAT

Flexible
Polynomial?

Additional
Controls

Estimated Earnings
Discontinuity

Intent-to-
Treat Effect

Enrollment
Effect

(1) Plotted in Figure 2 Cubic No No 0.095*** 0.135*** 0.223***
(0.032) (0.046) (0.079)
[0.003] [0.004] [0.005]

(2) Cubic No Yes 0.092*** 0.131*** 0.216***
(0.033) (0.048) (0.081)
[0.005] [0.006] [0.008]

(3) Quadratic Yes Yes 0.111** 0.170** 0.281**
(0.045) (0.073) (0.121)
[0.014] [0.019] [0.021]

(4) (includes only
applicants within 200
points of cutoff)

Quadratic No Yes 0.081** 0.116** 0.192**
(0.038) (0.056) (0.094)
[0.034] [0.038] [0.041]

(5) (includes only
applicants within 100
points of cutoff)

Linear No Yes 0.074** 0.110* 0.181*
(0.038) (0.058) (0.099)
[0.050] [0.060] [0.067]

Notes: Bootstrapped standard errors are in parentheses; p-values are given in brackets. Additional controls include (residual) SAT score and (residual) high school GPA. “Flexible polynomial” indicates whether
the estimated coefficients of the adjusted SAT score polynomial were allowed to differ on each side of the admission cutoff. *, **, and ***: statistical significance at the 10%, 5%, and 1% levels, respectively.
Intent-to-treat and enrollment effects are estimated using two-stage least squares.
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在改变回归函数、控制变量及带宽的情况下，断点附近的收⼊差的估计值在 7.4%-11.1% 之间。

作者⽤ 2SLS 对 LATE 进⾏了估计（读⼀流公⽴⼤学对收⼊的局部平均处理效应），其结果在 18.1%-28.1%之间。



读⼀流⼤学为什么会增加收⼊？

因果推断⽅法只能估计因果效应的⼤⼩，却⽆法回答为什么会产⽣因果效应的问题。 
 
在本⽂中，作者讨论了在录取线附近没有⼊学的学⽣会做什么。


• 没有⼊学的学⽣如果选择⼯作（全职），其收⼊会明显⾼于在读的学⽣。然⽽作者并
没发现这样的证据。


• 在本⽂中的⼀流公⽴⼤学所在州还有另外 7 所公⽴⼤学（学费⽔平和⽂中的⼤学基本
相似），这给没有⼊学该⼀流⼤学的学⽣提供了替代机会。同时，有调查结果显示，
美国 85% 的⼤学⽣都选择在⾃⼰出⽣的州读⼤学。 

因此，作者认为没有⼊学⼀流⼤学的学⽣去了其他⼤学。这样的话，读⼀流⼤学带来的
收⼊增加主要会通过两种途径实现：⼈⼒资本的形成（教育的效果）、信号传递（学⽣
⾃身素质）。


• 8 所公⽴⼤学的⼈均经费投⼊⾮常接近，因此尤其引起的教育效果差异应该不⼤。


• 其他因素也会带来教育效果的差异，我们很难将它们和学⽣⾃身素质的差异区分开。
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