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Literature searches

Thanks to: 

• Other Published Applications of “Causal Discovery” Methods 2003 – 2023:

https://docs.google.com/document/d/1mcjLIFk8JRUVN99rfv3BGAPUSoCGtC13ZiY1pY4wUMk/edit?usp=sharing

• 2013 Workshop at CMU on empirical applications of ACD: 

https://www.cmu.edu/dietrich/philosophy/events/workshops-conferences/causal-discovery/index.html

• Work since by authors from Workshop at CMU: 

https://docs.google.com/document/d/1nv84oQYy9YAXvn5RxNeGcaGwsmv_RlLKE50hHNWWxcw/edit

https://docs.google.com/document/d/1mcjLIFk8JRUVN99rfv3BGAPUSoCGtC13ZiY1pY4wUMk/edit?usp=sharing
https://www.cmu.edu/dietrich/philosophy/events/workshops-conferences/causal-discovery/index.html


The History of Applying ACD to Empirical Data 

• ACD tools ~ 40 years : “Structure Learning”, “Causal Discovery”, etc.

• Now: dozens of algorithms, toolkits, full suites available, in Java, Python, R, etc. 

• Massive # of algorithm + simulation studies / small # empirical applications – why?

• ACD requires assumptions, e.g., about: 

• Time

• Feedback

• Distributions

• Parametric families 

• Sampling

• Latent confounders

• Measurement / measurement error



Still – there are 100s of applications –

How to categorize them for this presentation?

• Algorithm

• Assumptions

• Discipline

• Experimental follow-up

• Scientific purpose



Common Scientific Purposes of Using

of ACD on Empirical Data 

1. Finding alternatives  …. to:

1. Theoretically specified causal hypotheses

2. Regression based causal inferences / 

standard factor analysis latent variable models

2. Generating candidate causes

3. Mechanism Discovery



Finding alternatives  …. to:

1. “Theoretically” specified causal hypotheses

Presentation goal: see the rough outlines of the landscape, 

So: simple and shallow and fast
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Charitable Giving

What influences giving?  Specificity? Sympathy? Impact?  

"The Donor is in the Details", (2013) Organizational Behavior 

and Human Decision Processes, Issue 1, 15-23, C. Cryder, 

with G. Loewenstein, R. Scheines. 

N = 94

TangibilityCondition [1,0] Randomly assigned experimental condition

Imaginability [1..7] How concrete is the scenario

Sympathy [1..7] How much sympathy for target

Impact [1..7] How much impact will my donation have

AmountDonated [0..5] How much actually donated



Theoretical Hypothesis
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Hypothesis 2



Estimated Model
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Search Alternative
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Common Scientific Purposes of Using

of ACD on Empirical Data 

1. Finding alternatives  …. to:

1. Theoretically specified causal hypotheses

2. Regression based causal inferences / 

standard factor analysis latent variable models



Regression for Causal Inference

- X a prima facie cause of Y?   (i) plausible, and (ii) X and Y associated

- Zi associated with X, and

- Zi associated with Y, and

- Zi prior to X

- Regress Y on X and potential confounders Zi:



Regression is bad for causal inference – ACD is better

No practicing social scientist or statistician seems to know this – or take it seriously

X  Y  ?? No!!



X  Y  ??

N = 20,000

Prima facie cause?   Yes



Confounders to control for in a regression?  

Z1 and Z2

X  Y  ??

N = 20,000



X  Y  ??

N = 20,000

Regression: Yes - incorrect!!



X  Y  ??

N = 20,000

ACD: No - correct!!

X-Z2 confounded - correct!!

Z2-Y  confounded - correct!!

Z1 a non-collider, must be

controlled for? correct!!

Z2 a collider, must not be 

controlled for? correct!!

X  Y  ??
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Foreign Investment

Does Foreign Investment in 3rd World Countries cause Repression?

Timberlake, M. and Williams, K. (1984). Dependence, political 

exclusion, and government repression: Some cross-national 

evidence. American Sociological Review 49, 141-146. 

N = 72

po degree of political exclusivity

cv lack of civil liberties

en energy consumption per capita (economic development)

fi level of foreign investment
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Correlations

po       fi      en 

fi   -.175      

en   -.480   0.330   

cv   0.868   -.391   -.430

Foreign Investment

Prima Facie:

Foreign Investment associated with LESS Political exclusion
(more Political repression)
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Regression Results

po =    .227*fi      - .176*en +   .880*cv

SE       (.058) (.059)         (.060)

t           3.941 -2.99          14.6

Foreign Investment

Controlling for Economic Development (en) and lack of civil liberties (cv) 
flips the sign:

Foreign Investment causes More Political exclusion
(LESS Political repression)



 

.217 

 FI 

PO 

 CV  En 

Regression 

.88 -.176 

 

 FI 

PO 

 CV  En 

Tetrad - PC 

 

 FI 

PO 

 CV  En 

Fit: df=2, 2=0.12,  

p-value = .94 

.31 -.23 

.86 -.48 

Case Study: Foreign Investment    Alternative Models

There is no linear model with 

testable constraints (df > 0) in 

which FI has a positive effect on 

PO, that is not rejected by the 

data.

 

 FI 

PO 

 CV  En 

Tetrad - FCI 



Lead  IQ    1979 NEJM Study
• 2500 children’s teeth collected and measured for lead exposure

• All children rated behaviorally by teacher



1979 NEJM Study

• 39 Potential confounding variables measured:

• Socioeconomic status

• Parental IQ
• Mother’s age at birth

• Father’s age at birth

• Mother’s level of education

• Number of live birth’s before sampled child

• Etc. 



Lead and IQ: Variable Selection

Backwards
Stepwise Regression

Measured Lead +
5 Covariates

Measured Lead +
39 Covariates

Final Variables (Needleman)

-lead baby teeth

-fab father’s age

-mab mother’s age

-nlb number of live births

-med mother’s education

-piq parent’s IQ

-ciq child’s IQ



Needleman Regression

- standardized coefficient

- (t-ratios in parentheses)

- p-value for significance

ciq = - .143 lead - .204 fab - .159 nlb + .219 med +  .237 mab + .247 piq

(2.32)       (1.79)       (2.30)        (3.08)           (1.97)        (3.87)   

0.02          0.09          0.02        <0.01            0.05          <0.01       

All variables significant at .1              R2 = .271



TETRAD Variable Selection

Tetrad

mab _||_ ciq

fab _||_ ciq

nlb _||_ ciq | med

 ciq

 mab  fab nlb

 lead  piq med



Regressions

- standardized coefficient

- (t-ratios in parentheses)

- p-value for significance

Needleman  (R2 = .271)

ciq =  - .143 lead - .204 fab - .159 nlb + .219 med +  .237 mab + .247 piq

(2.32)         (1.79)       (2.30)        (3.08)           (1.97)        (3.87)   

0.02             0.09          0.02        <0.01            0.05          <0.01

TETRAD  (R2 = .243)

ciq =  - .177 lead                                + .251 med +              .253 piq

(2.89)                                        (3.50)                         (3.59)   

<0.01 <0.01 <0.01



Common Scientific Purposes of Using

of ACD on Empirical Data 

1. Finding alternatives  …. to:

1. Theoretically specified causal hypotheses

2. Regression based causal inferences / 

standard factor analysis latent variable models
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Case Study: Stress, Depression, and Religion

MSW Students  (N = 127)  61 - item survey (Likert Scale) 

• Stress: St1 - St21

• Depression: D1 - D20

• Religious Coping: C1 - C20

p = 0.00

 St1
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Specified Model
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Build Pure Clusters
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Case Study: Stress, Depression, and Religion
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ACD Model: St3
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p = 0.28

Case Study: Stress, Depression, and Religion

p = 0.00

 St1

12 

Stress 

St2

12 

St21

12 

. 

. 

Dep1

12 

Coping 

. 

. 

Depression 

Dep2

12 

Dep20

12 

C1 C2 C20 . . 

+ 

- 
+ 

Specified Model



Common Scientific Purposes of Using

of ACD on Empirical Data 

1. Finding alternatives  …. to:

1. Theoretically specified causal hypotheses

2. Regression based causal inferences / 

standard factor analysis latent variable models

2. Generating candidate causes

3. Mechanism Discovery



Which genes regulate flowering time in Arabidopsis thaliana? 
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Candidate Gene Regulators

* Stekhoven DJ, et al. Causal stability ranking. Bioinformatics 28 (2012) 2819-2823.



• n = 47 Arabidopsis thaliana gene expression profiles of 
4-day old seedlings for which subsequent flowering 
time was also measured

• Affymetrix ATH1 arrays with expression measurements 
on 21,440 A. thaliana genes
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Observational Data



Candidate Gene Selection

Causal 

networks on 

the variables 

in X and Y

Causal

Analysis

Observational data: 

Microarray measurements (X) 

and flowering time (Y)

Candidate gene 

regulators of 

flowering time

Select those genes that 
reliably  cause the most 
substantial changes
in flowering time (Y) 
according to the
causal networks 



• Considered the 25 genes that were ranked most likely 
to be causes of flowering time, 
according to the causal network analysis

• 5 of those 25 genes were known regulators of 
flowering

• 13 of those 25 genes were not known regulators and 
mutant seeds for each of them were available
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Candidate Regulators of Flowering Time



• Seeds were planted, and flowering time was measured 
in days to bolting

• Seeds types yielding 4 or more plants were considered 
viable for analysis (9)
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Experimental Details

Greenhouse experiments 

on flowering time

• 4 of 9 had a statistically significantly shorter mean 
flowering time (p < 0.05) than the control, wild-type 
plants

• Correlational and other analyses to identify candidate genes 
were successful roughly at chance rates, i.e., they were 
worthless



The Tumor-specific Driver Identification (TDI) Algorithm



Identifying Tumor-specific Drivers

• Goal: identifying driver somatic genomic alterations 
(SGAs) of individual tumors

• A tumor usually hosts hundreds to thousands SGAs

– Many passengers

– Relatively few drivers

• Current knowledge of cancer driver genes is incomplete

– 10 to 20% of tumors have no known drivers

– 50% of tumors have ≤ 3 known drivers 



Tumor-specific Driver Identification (TDI) Algorithm*

• Uses a bipartite graph representation

• Searches the graph for somatic genomic alterations (SGAs) that account 
for differentially expressed genes (DEGs) involved in an oncogenic 
process. 

• Uses a Bayesian evaluation measure, which is tumor specific

A0 A1 A2

E1 E3 E4

SGAs:

DEGs:

Hypothesis: Those SGAs that predict DEGs well are good candidates as 
drivers of cancer

Results: Many known drivers recovered, several new candidate drivers 
discovered, many experimentally verified (6/6 perturbation confirmed). 



Common Scientific Purposes of Using

of ACD on Empirical Data 

1. Finding alternatives  …. to:

1. Theoretically specified causal hypotheses

2. Regression based causal inferences / 

standard factor analysis latent variable models

2. Generating candidate causes

3. Mechanism Discovery



Mechanism Discovery

1. Educational Research

2. Brain Research

3. Climate

4. Miscellany (lots!)

5. Economics (for Kevin Hoover)



Questions: 

1. Does parental encouragement 
depend on sex, even 
controlling for SES and IQ

2. Does parental encouragement 
matter?

College Plans - Wisconsin HS seniors, 1979, (N > 10,000)

Measures: 

• SES

• IQ

• SEX

• PE (parental encouragement

• CP (College Plans)

Educational Research
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15 Variables

 Pre-test (%)

 Print-outs (% modules printed)

 Quiz Scores (avg. %)

 Voluntary Exercises (% completed)

 Final Exam (%)

 9 other variables

Online Course Data 

 Causal Discovery Methods

 Learning Mechanism
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.302 

 

-.41 

 

.75 

.353 

.323 

pretest 

Print 

requests 

voluntary 

interactive 

exercises 

quiz 

final 

2002

Voluntary interaction  Learning:  “The Doer Effect” 2005

 

-.08 
 

-.16 
 

.41 

.25 

pretest 

Print 

requests 
Voluntary 

Interactive 

exercises 

final 

2003
Pre-class 

instructions

Detectable 

Instrumental Variable



What student choices in an online course cause 
the most learning?

Koedinger, Kim, Jia, McLaughlin, & Bier (2015). Learning is not a spectator sport: Doing is 

better than watching for learning from a MOOC. In Proceedings of the Second ACM 

Conference on Learning at Scale.

	

doing

watching

reading

.44

.06

.06

Watching lecture video

Reading web pages

Learning by doing 

~ 7x better than 

learning by watching!!

“The Doer Effect” 2015

Doing online activities 

with hints & feedback
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	reading

“The Doer Effect” 2018
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Yes – in all samples doing was caually
connected to success, and much 
more strongly than reading or 
watching so

Subsequent experiments confirm 
this finding – and indicate it is 
underestimated by 2x
(unpublished) 



Fractions Tutor (5th grade)



Fluency vs. Understanding

• Understanding: sense-making processes

• Fluency: fast, compiled, reliable 

a = 1 x a

a + a = 2 x a

a + a + a = 3 x a

… …

2 x 3 = 6

5 x 5 = 25

4 x 7 = 28

…

Which to teach first?



Mediation Hypotheses

Mediators

post

delayed

Performance on 

sense-problems

sense + fluency 

(vs. fluency-only)

(vs. sense-only)

Performance on 

fluency-problems

Mediators

pre



Model Search Results

Understanding-1st reduces Fluency errors – which in turn increases post-test

χ² = 4.58, df = 4, p = .33



Model Search Results

χ² = 3.38, df = 3, p = .38

Fluency-1st increases Understanding errors – which in turn decreases post-test
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Educational Research

Follow up Experiment:  Sense-making first vs. Fluency-first 

Sense-making first dramatically outperformed 

fluency-first condition on fraction learning



Educational Data  Causal Discovery Methods 
 Instrumental Variable Detection 
 Causes of Educational Returns
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Educational Data  Causal Discovery Methods 
 Instrumental Variable Detection 
 Causes of Educational Returns
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fMRI  Causal Discovery Methods  Processing Mechanisms

Brain Research



(ROI)
~10-20 Regions of Interest

fMRI
(~44,000 voxels)

Causal network 
discovery 



Subjects: Autistic Spectrum Disorder  vs. Neurotypical

Usual Approach:

Search for differential recruitment of brain regions

Autism

Catherine Hanson, Rutgers



(ROI)
~10-20 Regions of Interest

fMRI
(~44,000 voxels)

Causal network 
discovery 

• Face processing task

• Theory of Mind task

• Action understanding task



Results

FACErecognition

Theory of Mind

ACTION



Causal Discovery  Autism

Biwei Huang, CMU & UCSD



Similar Follow on Work Catherine Hanson, Rutgers



es-fMRI Data  Causal Discovery (FGES) 

 Emotion Network Structure (Amygdala)



es-fMRI Data  Causal Discovery (FGES) 

 Emotion Network Structure (Amygdala)



Climate Teleconnections
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Climate Research



Climate Teleconnections
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Time Series Climate Data  Causal Discovery Methods 

 Causal Mechanisms in Earth’s Climate

Climate Research
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Time Series Climate Data  Causal Discovery Methods 

 Causal Structure of the Climate
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Time Series Climate Data  Causal Discovery Methods 

 Causal Structure of the Climate
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Biology
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Discovering Signaling Pathways –

Karen Sachs
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Discovering Signaling Pathways –

Karen Sachs
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Biology and Health 
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Summary / Conclusions

A lot of good work on important scientific questions -

• But distributed across disciplines, so largely unknown

• Almost all of it by algorithm builders/developers

• Too little of it includes experimental follow-up

By far the most common use is mechanism discovery

We need a sub-discipline devoted to applications


