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1. Introduction

• Approaches to estimate treatment effects in 
panel data with only one treated unit have 
become popular in applied works, which include 
synthetic control method (Abadie and 
Gardeazabal, 2003, Abadie et al., 2010), and 
regression control method (Hsiao et al., 2012).

• However, no pointwise standard errors or 
confidence intervals for the treatment effects 
have been provided or rigorously proven in the 
literature yet.  
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Our Contributions

• We propose a direct nonparametric construction of 
pointwise robust confidence intervals using quantile 
random forest (QRF), i.e. quantile regression via 
random forest. 

• This is called “Quantile Control Method”(QCM). 

• Monte Carlos simulations show good coverage 
probability for the confidence intervals, which are 
robust to heteroskedasticity, autocorrelation, and 
model misspecification.
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2. Model
• We observe panel data with an outcome variable 
for individuals                          (often known as "regions" in 
regional policy analysis), and over periods 

• is the number of pretreatment periods (from period 1 
through period      ), and     is the number of posttreatment 
periods (from period          through period           ). 

• Assume that the first individual is the only treated unit, 
while all other individuals are control units. 
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Potential Outcomes

• Following Rubin's causal model, denote       as the 
potential outcome with treatment, and       as the 
potential outcome without treatment.

• Following Hsiao et al. (2012), assume a linear factor 
model for the potential outcome without treatment

• For a particular pretreatment period                           , 
stack the above equations for all individuals:
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• 为不可观测的共同因子（common factors），
可理解为不同地区所面临的共同冲击
（common shocks），比如两个分量分别表示
技术冲击（technological shocks）与金融危机
（financial shocks）

• 各地区对于共同冲击 的反应不相同，以向
量 表示。称 为“交互固定效应”
（interactive fixed effects）
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Partitions
• To derive the relationship between the first 
and the rest units, do the following partitions:
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3. Estimation

• Hsiao et al. (2012) proposes multiplying the 
equation by some row vector      to get rid of 
the interactive term

• Li and Bell (2017) offers a particular solution 
of     :
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Counterfactuals

• We end up with

where       is uncorrelated with     .

• Assume that the linear factor model are stable, 
we could estimate the post‐treatment 
counterfactual outcome by   
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Treatment Effects

• The treatment effect on unit 1 in period t is 
estimated by

• Average treatment effect on unit 1 from 
period 1 to period T₁ can be estimated as
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Point Estimations

• Hsiao et al. (2012) uses AIC and AICC criteria for best subset 
selection, followed by OLS regression. Li and Bell (2017) 
proposes using lasso for variable selection in the high‐
dimensional case, and estimate by post‐lasso OLS. Carvalho et 
al. (2018) proposes a direct estimation by lasso, ("ArCo" for 
"Artificial Counterfactual "). 

• Possible approaches: best subset OLS, post‐lasso OLS, lasso, 
ridge regression, elastic net regression, random forest, 
boosting, or neural networks. Which approach provides the 
best point estimate with the lowest MSE is still an unsettled 
issue, which might be problem‐specific and data‐dependent. 
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4. Inference

• No pointwise standard errors or confidence intervals have 
been provided yet. A notable exception is Fujiki and Hsiao 
(2015), which relies on a strong iid assumption. 

• Li and Bell (2017) and Carvalho et al. (2018) provide large 
sample inference on the estimated average treatment 
effect, by letting both pretreatment periods  and 
posttreatment periods  tend to infinity.

• While a moderate or large T₀ is needed for any inference, 
the requirement of large      may be problematic in practice
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A Quantile Regression Approach

• Inspired by Zhou and Portnoy (1996), we use regression 
quantiles of the post‐treatment counterfactual outcome to 
directly construct valid confidence intervals of the treatment 
effects

• Since                              , we could plug in the expression                       
to get
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Confidence Interval for Treatment Effects

• Since                   for                                    , rearranging , 

• With consistent estimators:   
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5. Quantile Random Forest (QRF)

• Linear quantile regression converges too slowly, 
and is not robust to model misspecification. 

• QRF (also called “Quantile Regression Forest”) 
uses random forest for quantile regression 
(Meinshausen, 2006)

• Random forests (Breiman, 2001) is basically an 
ensemble of decision trees, or the CART 
algorithm (Breiman et al., 1984)
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Decision Tree
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Regression Tree

• 将决策树应用于回归问题，则为回归树。

• 由于回归树的响应变量为连续变量，故使
用最小化“残差平方和”（SSR）作为节点
的分裂准则。

• 在进行节点分裂时，希望分裂后，残差平
方和下降最多，即两个子节点的残差平方
和之总和最小。
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决策树的优缺点

• 优点：由于每次仅使用一个分裂变量，故
决策树天然适用于高维数据（high‐
dimensional data），且不受噪音变量的影
响（噪音变量一般不会被选为分裂变量）。

• 缺点：作为“分段常值函数”（piecewise 
constant function），决策树既不光滑，也
不连续，故单颗决策树（single tree）的预
测效果可能不佳。
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Random Forest

• Grow many trees (e.g., 1000 trees) by random 
feature selection, i.e., at each node of every 
tree, only 1/3 features are randomly chosen 
for splitting

• This helps to de‐correlate trees for variance 
reduction 

• Average over these 1000 trees for prediction
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随机森林的变量重要性

• 由于在每次节点分裂，仅使用一个变量，故容易
区分每个变量的贡献。

• 对于每个变量，在随机森林的每棵决策树，可度
量由该变量所导致的残差平方之下降幅度。将此
下降幅度，对每棵决策树进行平均，即为对该变
量重要性的度量。

• 将每个特征变量的重要性依次排列画图，即为变
量重要性图（Variable Importance Plot）
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Consistency of QRF

• Meinshausen (2006) uses random forest to 
estimate conditional CDF, then invert it to get QR. 

• Meinshausen (2006) provides a sketch of proof 
for the consistency of QRF under iid assumptions

• We extend the proof to the panel/time series 
case, see Chen, Xiao and Yao (2021).  
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6. Simulations

• We conduct simulations for the four DGPs in 
Hsiao et al. (2012) 

• Also simulations for DGPs under 
heteroskedasticity, autocorrelation, and model 
misspecification.

• Good coverage probability in finite samples
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Table 1. Coverage Probability for DGP 1
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CP T0 = 10 T0 = 20 T0 = 30 T0 = 40 T0 = 50 T0 = 60 T0 = 70 T0 = 80 T0 = 90

N = 10 0.803 0.897 0.926 0.922 0.936 0.934 0.948 0.943 0.951

N = 20 0.828 0.883 0.902 0.924 0.931 0.946 0.949 0.954 0.955

N = 30 0.794 0.9 0.919 0.931 0.951 0.943 0.966 0.96 0.962

N = 40 0.786 0.875 0.912 0.941 0.945 0.951 0.947 0.962 0.952

N = 50 0.811 0.904 0.911 0.933 0.947 0.957 0.935 0.957 0.955

N = 60 0.794 0.89 0.925 0.944 0.929 0.945 0.944 0.962 0.95

0
1 1 2 2it i i t i t ity b f b f u    1 1, 1 10.3t t tf f   2 2, 1 20.6t t tf f  

Notes: N is the number of cross-sectional units. T0 is the pretreatment period. 
The nominal coverage rate is 95%.  
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Table 2. Coverage Probability for DGP 2

2021/8/20 30

CP T0 = 10 T0 = 20 T0 = 30 T0 = 40 T0 = 50 T0 = 60 T0 = 70 T0 = 80 T0 = 90

N = 10 0.781 0.883 0.921 0.917 0.948 0.938 0.955 0.957 0.949

N = 20 0.789 0.878 0.924 0.927 0.947 0.951 0.95 0.965 0.963

N = 30 0.765 0.875 0.907 0.938 0.936 0.951 0.956 0.956 0.95

N = 40 0.799 0.875 0.917 0.934 0.945 0.946 0.954 0.953 0.969

N = 50 0.786 0.875 0.918 0.941 0.949 0.947 0.963 0.967 0.955

N = 60 0.756 0.874 0.931 0.936 0.938 0.953 0.955 0.96 0.955

0
1 1 2 2 3 3it i i t i t i t ity b f b f b f u     1 1, 1 10.8t t tf f  

2 2, 1 2 2, 10.6 0.8t t t tf f       3 3 3, 1 3, 20.9 0.4t t t tf      

Notes: N is the number of cross-sectional units. T0 is the pretreatment period. 
The nominal coverage rate is 95%.  
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Table 3. Coverage Probability for DGP 3
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Notes: N is the number of cross-sectional units. T0 is the pretreatment period. 
The nominal coverage rate is 95%.  

CP T0 = 10 T0 = 20 T0 = 30 T0 = 40 T0 = 50 T0 = 60 T0 = 70 T0 = 80 T0 = 90

N = 10 0.804 0.897 0.921 0.921 0.935 0.934 0.94 0.942 0.938

N = 20 0.802 0.892 0.919 0.939 0.93 0.928 0.929 0.925 0.945

N = 30 0.813 0.876 0.927 0.929 0.923 0.941 0.933 0.945 0.929

N = 40 0.804 0.887 0.952 0.924 0.917 0.935 0.956 0.962 0.93

N = 50 0.827 0.896 0.92 0.926 0.935 0.948 0.941 0.938 0.951

N = 60 0.814 0.895 0.916 0.938 0.935 0.947 0.937 0.932 0.947

0
it i i t ity b f u   . . . (0,1)tf i i d N
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Table 4. Coverage Probability for DGP 4
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Notes: N is the number of cross-sectional units. T0 is the pretreatment period. 
The nominal coverage rate is 95%.  

CP T0 = 10 T0 = 20 T0 = 30 T0 = 40 T0 = 50 T0 = 60 T0 = 70 T0 = 80 T0 = 90

N = 10 0.727 0.848 0.843 0.893 0.895 0.915 0.901 0.921 0.914

N = 20 0.723 0.835 0.868 0.887 0.889 0.926 0.919 0.921 0.925

N = 30 0.72 0.842 0.863 0.874 0.902 0.913 0.92 0.925 0.924

N = 40 0.758 0.817 0.863 0.877 0.899 0.892 0.933 0.931 0.92

N = 50 0.761 0.831 0.874 0.882 0.893 0.902 0.923 0.924 0.923

N = 60 0.748 0.816 0.875 0.889 0.899 0.925 0.907 0.913 0.939

0
it i i t ity b f u   1 10.95t t tf f  
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Table 5. Coverage Prob. for DGP 1 with 
Cross‐sectional Heteroskedasticity
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Notes: N is the number of cross-sectional units. T0 is the pretreatment period. 
The nominal coverage rate is 95%.  

CP T0 = 10 T0 = 20 T0 = 30 T0 = 40 T0 = 50 T0 = 60 T0 = 70 T0 = 80 T0 = 90

N = 10 0.788 0.888 0.906 0.912 0.933 0.933 0.932 0.943 0.944

N = 20 0.798 0.897 0.91 0.939 0.946 0.939 0.955 0.954 0.955

N = 30 0.784 0.869 0.917 0.939 0.933 0.938 0.948 0.945 0.952

N = 40 0.792 0.903 0.914 0.937 0.942 0.944 0.944 0.956 0.96

N = 50 0.805 0.879 0.93 0.935 0.929 0.936 0.95 0.945 0.96

N = 60 0.8 0.9 0.919 0.938 0.941 0.938 0.939 0.944 0.967
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Table 6. Coverage Prob. for DGP 1 with 
Within‐panel Autocorrelation
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Notes: N is the number of cross-sectional units. T0 is the pretreatment period. 
The nominal coverage rate is 95%.  

CP T0 = 10 T0 = 20 T0 = 30 T0 = 40 T0 = 50 T0 = 60 T0 = 70 T0 = 80 T0 = 90

N = 10 0.791 0.897 0.915 0.926 0.934 0.94 0.941 0.941 0.948

N = 20 0.79 0.87 0.909 0.923 0.939 0.942 0.953 0.957 0.949

N = 30 0.789 0.885 0.924 0.936 0.926 0.938 0.95 0.945 0.961

N = 40 0.808 0.879 0.915 0.921 0.938 0.945 0.95 0.947 0.957

N = 50 0.772 0.887 0.917 0.918 0.952 0.949 0.937 0.953 0.959

N = 60 0.801 0.898 0.919 0.935 0.944 0.937 0.939 0.954 0.95
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Table 7. Coverage Prob. for DGP 1 with 
Heteroskedasticity and Autocorrelation

2021/8/20 40

CP T0 = 10 T0 = 20 T0 = 30 T0 = 40 T0 = 50 T0 = 60 T0 = 70 T0 = 80 T0 = 90

N = 10 0.791 0.87 0.915 0.905 0.93 0.937 0.953 0.944 0.948

N = 20 0.767 0.89 0.906 0.927 0.95 0.928 0.947 0.94 0.949

N = 30 0.791 0.863 0.927 0.921 0.922 0.948 0.95 0.937 0.947

N = 40 0.765 0.883 0.92 0.926 0.945 0.943 0.947 0.952 0.958

N = 50 0.757 0.88 0.927 0.929 0.923 0.939 0.951 0.961 0.949

N = 60 0.783 0.895 0.896 0.919 0.94 0.936 0.945 0.952 0.959

Notes: N is the number of cross-sectional units. T0 is the pretreatment period. 
The nominal coverage rate is 95%.  
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Table 8. Coverage Prob. for DGP 1 with
Nonlinear Logit Transformation
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Notes: N is the number of cross-sectional units. T0 is the pretreatment period. 
The nominal coverage rate is 95%.  

CP T0 = 10 T0 = 20 T0 = 30 T0 = 40 T0 = 50 T0 = 60 T0 = 70 T0 = 80 T0 = 90

N = 10 0.814 0.888 0.896 0.907 0.919 0.909 0.918 0.913 0.92

N = 20 0.834 0.888 0.894 0.924 0.914 0.921 0.908 0.92 0.927

N = 30 0.807 0.892 0.901 0.927 0.915 0.915 0.924 0.933 0.924

N = 40 0.812 0.903 0.913 0.909 0.922 0.932 0.915 0.928 0.938

N = 50 0.84 0.879 0.902 0.913 0.921 0.934 0.921 0.93 0.933

N = 60 0.821 0.903 0.91 0.924 0.921 0.931 0.92 0.924 0.938
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7. Stata Application 
with the qcm Command

• We provide a forthcoming qcm command to 
implement “Quantile Control Method” (QCM) 
in Stata

• Due the convenient integration between Stata 
and Python, qcm calls Python’s scikit‐garden
module to implement quantile random forest.  
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Installation of qcm

• Install Python 3.7 or lower version

• Install the Python module scikit‐garden: 
executing the command "conda install ‐c 
conda‐forge scikit‐garden" at Anaconda 
prompt (recommended).

• ssc install qcm, all replace
(coming soon)
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Example: Economic Integration 
of HK with Mainland China in 2004Q1 

• 《内地与香港关于建立更紧密经贸关系的安排》
（英文简称CEPA）的主要内容包括：允许众多
香港产品零关税进入内地，放宽内地对香港服
务业的准入领域以及贸易便利化三方面。

• Pre‐treatment period: 1993Q1 ‐ 2003Q4 (44 
quarters) 

• Treatment period: 2004Q1 ‐ 2008Q1 (17 
quarters)
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自带示例数据集 growth.dta
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命令qcm的基本句型

• display tq(2004q1)
• 176

• qcm gdp, trunit(9) trperiod(176) 
importance

• 其中，必选项 trunit()指定处理单位
(treated unit)， trperiod()指定处理期
(treatment period，必须为整数)；选择项
importance计算变量重要性
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Result 1: Basic Info
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Result 2: Counterfactual Predictions
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Result 3: Treatment Effects
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Result 4: Variable Importance
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安慰剂检验（Placebo Tests）

• qcm gdp, trunit(9) trperiod(176) 
placebo(unit period(168 172)) 

• 其中，“unit”表示使用所有控制组个体
作为“fake treatment units”，而
“period(168 172)”分别以2002Q1与
2003Q1作为“fake treatment times”。
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Result 1: Fake Treatment Units

2021/8/20 58



2021/8/20 59



2021/8/20 60



2021/8/20 61



2021/8/20 62



Result 2: Fake Treatment Time 2002Q1
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Result 3: Fake Treatment Time 2003Q1
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Specify Pre‐treatment Periods

• Let pre‐treatment periods start from 1999Q3 
(2 years after 1997Q3) instead of 1993Q1

• display tq(1999q3)
• 158

• qcm gdp, trunit(9) trperiod(176) 
preperiod(158/175) 
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More Options
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Welcome feedbacks!
Thank You 
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