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History of causal inference (Neyman)

• Jerzy Neyman was a Polish mathematician and 
statistician who spent the first part of his 
professional career at various institutions 
in Warsaw, Poland and then at University College 
London, and the second part at the University of 
California, Berkeley. 

• He published many books dealing with 
experiments and statistics, and devised the way 
which the FDA tests medicines today.



History of causal inference (Neyman)

• Unknown potential yields

Plots

Crop 
Varieties

Splawa-Neyman, Jerzy, Dorota M. Dabrowska, and Terrence P. Speed. "On the application of probability theory to agricultural experiments. Essay on principles. Section 9." Statistical 
Science (1990): 465-472.



History of causal inference (Neyman)

• “We see that knowledge of the 
preceding trials has an effect on the 
probability of outcomes of subsequent 
trials so that trials conducted in this 
way are not independent.”

• Infinite plots: “Therefore the trials will 
turn out to be independent, and we 
will be able to apply the law of large 
numbers, and our definition of a true 
yield, and along with it known formulas 
from probability theory.”

Splawa-Neyman, Jerzy, Dorota M. Dabrowska, and Terrence P. Speed. "On the application of probability theory to agricultural experiments. Essay on principles. Section 9." Statistical 

Science (1990): 465-472.
Pearl, Judea, and Dana Mackenzie. The book of why: the new science of cause and effect. Basic books, 2018.



History of causal inference (Potential Outcome)

• Fundamental problem: missing outcomes >= 50%

• “The first step toward addressing observational studies is to relax the 
classical randomized experiment assumption that the probability of 
treatment assignment is a known function. We do maintain, however, in this 
part of the text, the unconfoundedness assumption that states that 
assignment is free from dependence on the potential outcomes. Moreover, 
we continue to assume that the assignment mechanism is individualistic, so 
that the probability for unit i is essentially a function of the pre-treatment 
variables for unit i only, free of dependence on the values of pre-treatment 
variables for other units. We also maintain the assumption that the 
assignment mechanism is probabilistic, so that the probability of receiving 
any level of the treatment is strictly between zero and one for all units.”

Imbens, Guido W., and Donald B. Rubin. Causal inference in statistics, social, and biomedical sciences. Cambridge University Press, 2015.



Present of causal learning (Evaluation)

Cheng, Lu, et al. "Evaluation methods and measures for causal learning algorithms." IEEE Transactions on Artificial Intelligence 3.6 (2022): 924-943.



Evaluation Procedures (Evaluation)

• Observation data with known effect (low data availability)
• causal direction

• Pair of observations and experiments (low data availability)
• Perturb-seq: dissecting molecular circuits with scalable single-cell rna profiling of 

pooled genetic screens

• Sampling from synthetic data
• generate observational data from synthetic causal system
• cannot generalize well to real-world setting

• Sampling from observation data
• Use known functions to create treatment assignments and outcomes
• cannot generalize well to real-world setting

• Sampling from RCT
• OSRCT: treatment assignment is synthetic, middle data availability



Evaluation Procedures (Evaluation)

一定要关注所谓“因果”信息是何时在哪里引入的，来自何处



Present of causal learning (Evaluation)

Cheng, Lu, et al. "Evaluation methods and measures for causal learning algorithms." IEEE Transactions on Artificial Intelligence 3.6 (2022): 924-943.



Present of causal learning (Evaluation)

Data type Data Availability Internal Validity External Validity

All Potential Outcome Data Usually No \ \

Randomized Trial Data Middle High Middle

Natural Experiment Middle Middle Middle

Observation Data Very High Too many untestable and 
unrealistic assumptions

\

Gentzel, Amanda M., Purva Pruthi, and David Jensen. "How and why to use experimental data to evaluate methods for observational causal inference." International Conference on Machine 
Learning. PMLR, 2021. https://icml.cc/media/icml-2021/Slides/9159.pdf
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Present of causal learning (Evaluation)

Gentzel, Amanda M., Purva Pruthi, and David Jensen. "How and why to use experimental data to evaluate methods for observational causal inference." International Conference on Machine 
Learning. PMLR, 2021. https://icml.cc/media/icml-2021/Slides/9159.pdf



Now, it is brainstorming time.



What is not the causality we want?
Why randomized trial is not regarded as 
not useful?

Workshop time

Questions:

Principle 1: 从无知出发并用否定之否定获得结论
Principle 2: 追求有用的模型而非正确和真实的模型

https://en.wikipedia.org/wiki/Science
https://en.wikipedia.org/wiki/Research

请阅读以下材料简单了解
science和research

https://en.wikipedia.org/wiki/Science
https://en.wikipedia.org/wiki/Research


Artificial Randomness

“As I know only one thing–that I know nothing” (ignorance)

What is “nothing” that we know for causality? 

 Randomness is a way to create ignorance. So, we can attain 
knowledge from it.

Definition: an assignment that can not be predicted by any model in the list 
given all pre-treatments of the individual.

背后想法是使用人造随机来代替自然变化莫测的随机性



Use difference method to understand causality

RCT:
Test = Train

如果不考虑总体的不同，对于完美随机试验（全依从，无测量误差，无观察效应，无数据丢失，无噪声），只有
治疗分配是不同的。回想Neyman的思想，在随机试验中我们对以下命题有信心“治疗分配统计独立于任何治疗前变
量，无论其是否可测，是否已测”。
信心来自于哪里？赌场让人相信骰子和硬币的统计独立性，扭蛋抽卡游戏让人相信电脑随机数的统计独立性，物
理学让人相信量子方面的统计独立性

想要回答的问题是：如果独立决定是
否吃药会怎么样，使用的数据也是独
立决定是否吃药时的数据。这里的独
立的意思是和所有吃药前的一切可测
或不可测变量，可测中的一切已测和
未测变量都独立。



因果表示是可能的吗？

因果表示：改变我们的表示，表示的数据值所指向的物理世界中的属性会
发生变化，我们期待的物理世界中的受表示影响的输出也会发生变化

✓时间上，先有的图像，后有的特征，而非根据随机化的特征采集图像

✓图像的改变与物理世界的改变无关

✓Fake it till you make it只能让其数值逼近，这种思路最重要的是把自己想要
的这些先于图像产生的东西从自己脑子里提取出来列个清单

这种因果表示是不可能的。



总结

• 无论是存在模型对于治疗分配预测的特别准，
或者是不存在模型/人对于治疗分配预测有帮助
都是好事
• 前者是知道了治疗分配的机制，后者是知道了治
疗分配是随机的

• 观测数据的治疗前变量的分布是有意义的，但是
观测数据的Outcome Function是混淆无因果意义
的

• 使用合成的Outcome Function进行评测价值很低

观察数据的价值

• 无论在什么数据上训练和验证，任何宣称因果的模
型算法的测试必须在随机试验的衍生数据上

• 采集代价允许范围内，随机试验时采集个体更高维、
更多源、更异构的特征，弥补样本量的缺乏，在保
护隐私基础上推动个体随机试验数据公开化

• RCT不仅应该有统计检验，还应该建立模型预测个
体的Outcome，因果预测测试中，Confidence > 0.95
时，给出因果模型的认证，并分发给应用人员根据
所属群体的变化自行调整使用

• 模型学习时要重视随机试验中每个个体单独的
Outcome Function提高因果信息利用率

在做因果问题时，需要时刻问自己随机性来自于哪里，这是它的本质。不可以被定义概率时的sigma代数/可测代
数/可测函数的定义所蒙蔽，默认所有随机性来自于分布自身，只满足于可测，拒绝追问随机性的来源。

随机数据的价值



建议

• 1、把随机试验的 outcome functions迁移到观测数据，认为存在outcome
functions model具有不变性。所有随机性来自于试验对象的covariate，和
人造随机数产生的treatment，从而进一步研究covariate的分布变化规律，
变成covariate shift问题

• 2、只有观测数据怎么办：学习treatment assignment函数。用所有治疗前
可测到的变量无论是哪个个体的去尽可能好地预测treatment，获得一个
最好的预测模型。评估这个预测模型的准确度，以二值治疗和f1 score为
例，f1 score > 0.95意味着我们很了解treatment assignment，定义一个减
法，用学到的个体预测模型减掉治疗变量预测模型，从而得到独立决策
时的结果。如果做不到，那么需要想清楚自己想要的是因果关系还是其
他东西。如果确定是因果关系，那就采集更多有利于预测的特征和数据，
把模型加大去训炼，或者做随机试验和找自然实验



欢迎进一步深入的讨论批评！



History of causal inference (Diagram)

• Graph: BG, UG, DAG, ADMG, 
CG, SG ……

• Do-calculus for computation 
acceleration

Pearl, Judea. "Causal diagrams for empirical research." Biometrika 82.4 (1995): 669-688.

https://ananke.readthedocs.io/en/latest/notebooks/causal_graphs.html

有非常强的启发价值
和可视化价值，但批

判价值较低
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History of causal inference (Diagram)
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