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Galaxy and Circumgalactic Medium (CGM)

Soft X-ray (0.25 – 2 keV) Luminosity (𝐿𝑋) of CGM vs Star Forming Rate

- Strong Correlation (r=0.83) in star forming galaxies

- Does this imply SFR → 𝐿𝑋 ?   Maybe … But maybe not

Circumgalactic Medium (CGM)

Galaxy

Circumgalactic Medium  
Multiphase gaseous reservoir surrounding galaxies that plays a key role in regulating galaxy evolution. 

IllustrisTNG100-2

Tumlinson, Peeples, Werk (2017) The circumgalactic Medium

𝐿𝑋 vs SFR



Realistic Example in Science : Galaxy

Halo Mass (𝑀500) also has correlation with 𝐿𝑋 & 𝑀∗

Q. How to decompose the “contribution” of SFR vs Mass ?

𝑓𝑡(𝑀500, 𝑢𝑡) →  T = SFR

𝑓𝑥(𝑀500,SFR, 𝑢𝑥) → 𝑀∗

𝑓𝑦(𝑀500, 𝑀∗ SFR, 𝑢𝑦) →𝐿𝑋

𝐿𝑋 vs SFR

𝐿𝑋 vs 𝑀500

𝑀∗vs 𝑀500



Causal Inference with ML : 2 step

Science to infer causal relationships from correlation and to 

understand when and why they differ.

Confounder (𝑀500) Treatment (SFR) 
Outcome (Y) 

1) Identification (식별) : Getting causal estimation from observed data

2) Estimation (추정) : Double Machine Learning

- Semi-parametric estimation method with Neyman orthogonality

Neyman orthogonality
Causal estimation is robust to the small error in ML model



Identification : Directed Acyclic Graph (DAG)

Halo Mass (𝑀500) : Main Driver 

Stellar Mass (𝑀∗) : Star formation history Velocity dispersion (𝜎) : Kinematics 

AGN Feedback ( ሶ𝐸𝑄𝑀 , ሶ𝐸𝑅𝑀) Stellar Feedback (SFR)

Subhalo Metallicity (Z)

X-ray Luminosity

Tier 1

Tier 2

Tier 3

BH Mass (𝑀𝐵𝐻) : SMBH Evolution history 

QM & RM
Each refers to the Quasar Mode and Radio Mode. In TNG, there are 2 modes for AGN feedback.

Causal Flow Hierarchy



Estimation : Double Machine Learning

! Pip install DoubleML

Log scaled Sample : 𝑁𝑠𝑎𝑚𝑝𝑙𝑒, 𝑁𝑓𝑒𝑎𝑡𝑢𝑟𝑒 = [29665,7]

Double Machine 

Learning

https://docs.doubleml.org/stable/index.html

𝜃𝑇 = If we fix X, how much Y changes because of the change of T?

Redshift = 0, 0.1 & 0.2

Confounder (X) Treatment (T) 

Outcome (Y = 𝐿𝑋)Mediator (M)

Simple DAG

(2)
(1)

(1) : Direct route 

(2) : Indirect (mediated) route



Result 𝜃𝑇𝑜𝑡𝑎𝑙 ~ 2. 0 which is consistent with our initial fitting

In tier 2, velocity dispersion is dominant

SF = Star Forming, QU = Quiescent



Result : Halo Mass

Direct Effect dominant, consistent with previous study 

(Quasi-hydrostatic virialized gas from accretion shock)



Result : Velocity Dispersion

Star Forming & Transition 

Direct path dominant (𝜎 → 𝐿𝑋 ↑ )

Quiescent

Indirect, RM mediated path dominant

(𝜎 → 𝐴𝐺𝑁𝑅𝑀 → 𝐿𝑋 ↓ )



Result : Feedback

SFR still plays a unneglectable role Radio mode of AGN is also significant in Quiescent galaxy



Caveat : Population-level biases in 𝜃

Confounder (X) → Outcome (Y)Confounder (X) → Treatment (T)

Residue of Treatment ( ෨𝑇) Residue of Outcome ( ෨𝑌)

𝑇 = 𝑔 𝑋 + 𝜇
𝑌 = 𝜃𝑇 + ℎ 𝑋 + 𝜀

= 𝜃𝑔 𝑋 + ℎ 𝑋 + 𝜃𝜇 + 𝜀

ො𝑔 𝑋 = 𝑎 × 𝑔(𝑋) መ𝑓 𝑋 = 𝑏 × 𝑓(𝑋)

෨𝑇 = 𝑇 − ො𝑔 𝑋 = 𝑔 𝑋 + 𝜇 − 𝑎 × 𝑔 𝑋
= 1 − 𝑎 𝑔 𝑋 + 𝜇

0 < 𝑎 , 𝑏 < 1 : Shrinkage coefficient

෨𝑌 = 𝑌 − መ𝑓 𝑋 = 𝑓(𝑋) + 𝜃𝜇 + 𝜀 − 𝑏 × 𝑓(𝑋)
= 1 − 𝑏 𝑓 𝑋 + 𝜃𝜇 + 𝜀

෨𝑌 = 𝜃𝜇 + 𝜀 if b = 0෨𝑇 = 𝜇 if a = 0



Caveat : Population-level biases in 𝜃

0 < 𝑎 , 𝑏 < 1 : Shrinkage coefficient

ML biased causal effect : could be precisely biased

Ghost Causality

෨𝑌 = 𝜃𝜇 + 𝜀 if b = 0෨𝑇 = 𝜇 if a = 0

𝜃 = unbiased, genuine value

𝜃𝑏𝑖𝑎𝑠𝑒𝑑 =
𝜃𝑉𝑎𝑟 𝜇 + 𝜃 1 − 𝑎 1 − 𝑏 𝑉𝑎𝑟 𝑔 𝑋 + 1 − 𝑎 1 − 𝑏 𝐶𝑜𝑣(𝑔 𝑋 , ℎ 𝑋 )

𝑉𝑎𝑟 𝜇 + 1 − 𝑎 2𝑉𝑎𝑟(𝑔 𝑋 )



Caveat : Population-level biases in 𝜃

0 < 𝑎 , 𝑏 < 1 : Shrinkage coefficient

Simulation (TNG) biased causal effect

Ghost Causality

෨𝑌 = 𝜃𝜇 + 𝜀 if b = 0෨𝑇 = 𝜇 if a = 0

𝜃
Open Question : How to restrict a & b close to 1 ? Or, how to 

get real causal effect from simulation-biased causal effect ?



Questions?



Back up slides



How to estimate bias?

𝐸[𝑌(1) | 𝑇 = 1] − 𝐸[𝑌(0) | 𝑇 = 0]

= {𝐸[𝑌(1) | 𝑇 = 1] − 𝐸[𝑌(0) | 𝑇 = 1]} + {𝐸[𝑌(0) | 𝑇 = 1] − 𝐸[𝑌(0) | 𝑇 = 0]}

Average Treatment effect on the treated (ATT) : Causality

Bias

What we measure (Correlation)

Because of bias, correlation is not guaranteed to be causal relation



How to estimate bias?

𝐸[𝑌(1) | 𝑇 = 1] − 𝐸[𝑌(0) | 𝑇 = 0]

= {𝐸[𝑌(1) | 𝑇 = 1] − 𝐸[𝑌(0) | 𝑇 = 1]} + {𝐸[𝑌(0) | 𝑇 = 1] − 𝐸[𝑌(0) | 𝑇 = 0]}

Average Treatment effect on the treated (ATT) : Causality

Bias

What we measure (Correlation)

But, making bias = 0 is hard to implement. 

Then, how to estimate bias? → Machine Learning !

Problem : Machine Learning is better to the “predict” rather than “what if”



What is Causal Inference? 

Science to infer causal relationships from correlation and to 

understand when and why they differ.

- Treatment (T) : An intervention applied to influence the outcome of interest.

- Outcome (Y) : The outcome or variable we aim to understand (i.e., why it behaves the way it does).

- Confounder (X) :  A variable that affects both the treatment (T) and the outcome (Y), potentially 

creating a spurious or misleading association between them

Confounder (𝑀500) Treatment (SFR) 
Outcome (Y) 



Causal Inference with ML : 2 step

1) Identification (식별) : Getting causal estimation from observed data

- Directed Acyclic Graph (DAG) 

2) Estimation (추정) : Double Machine Learning

- Semi-parametric estimation method with Neyman orthogonality

Neyman orthogonality
Causal estimation is robust to the small error in ML model



Identification : Directed Acyclic Graph (DAG)

Halo Mass (𝑀500) : Main Driver 

Stellar Mass (𝑀∗) : Star formation history Velocity dispersion (𝜎) : Kinematics 

AGN Feedback ( ሶ𝐸𝑄𝑀 , ሶ𝐸𝑅𝑀) Stellar Feedback (SFR)

Subhalo Metallicity (Z)

X-ray Luminosity

Tier 1

Tier 2

Tier 3

BH Mass (𝑀𝐵𝐻) : SMBH Evolution history 

Direction uncertain

Mutual control as confounder (conservative approach)

QM & RM
Each refers to the Quasar Mode and Radio Mode. In TNG, there are 2 modes for SMBH



Estimation : Double Machine Learning

Confounder (X) → Outcome (Y)Confounder (X) → Treatment (T)

Residue of Treatment ( ෨𝑇) Residue of Outcome ( ෨𝑌)

𝜃𝑇 = Cov ( ෨𝑇෩,𝑌)
Var ( ෨𝑇)

=
σ ෨𝑇 ෨𝑌

σ( ෨𝑇)2
 

= 
𝑑𝑌

𝑑𝑇
 (Total Effect) = (1) + (2)

Confounder (X) Treatment (T) 

Outcome (Y = 𝐿𝑋)Mediator (M)

(2) (1)

= Random Forest ML model

𝑇 = 𝑔 𝑋 + 𝜇
𝑌 = 𝜃𝑇 + ℎ 𝑋 + 𝜀

= 𝜃𝑔 𝑋 + ℎ 𝑋 + 𝜃𝜇 + 𝜀

𝑔(𝑋)

෨𝑌 = 𝜃𝜇 + 𝜀෨𝑇 = 𝜇

𝑓 𝑋 = 𝜃𝑔 𝑋 + ℎ 𝑋



Estimation : DML with Mediator

Confounder (X) → Outcome (Y)Confounder (X) → Treatment (T)

Residue of Treatment ( ෨𝑇) Residue of Outcome ( ෨𝑌)

𝜃𝑇 = Cov ( ෨𝑇෩,𝑌)
Var ( ෨𝑇)

=
σ ෨𝑇 ෨𝑌

σ( ෨𝑇)2
 

= 
𝑑𝑌

𝑑𝑇
 (Total Effect) = (1) + (2)

Confounder (X) Treatment (T) 

Outcome (Y = 𝐿𝑋)Mediator (M)

(2) (1)

= Random Forest ML model

𝑔(𝑋)

෨𝑌 = 𝜃𝜇 + 𝜀෨𝑇 = 𝜇

𝑓 𝑋 = 𝜃𝑔 𝑋 + ℎ 𝑋



Estimation : DML with direct effect

Confounder (X) → Outcome (Y)Confounder (X) → Treatment (T)

Residue of Treatment ( ෨𝑇) Residue of Outcome ( ෨𝑌)

𝜃𝑇 = Cov ( ෨𝑇෩,𝑌)
Var ( ෨𝑇)

=
σ ෨𝑇 ෨𝑌

σ( ෨𝑇)2
 

= 
𝜕𝑌

𝜕𝑇
 (Direct Effect) = (1)

Confounder (X) Treatment (T) 

Outcome (Y = 𝐿𝑋)Mediator (M)

(2) (1)

= Random Forest ML model

𝑔(𝑋) 𝜃𝑔 𝑋 + 𝑓 𝑋

𝜃𝜇 + 𝜀𝜇

+

Mediator (M)

+

Mediator (M)



Caveat : Population-level biases in 𝜃

Confounder (X) → Outcome (Y)Confounder (X) → Treatment (T)

Residue of Treatment ( ෨𝑇) Residue of Outcome ( ෨𝑌)

𝑇 = 𝑔 𝑋 + 𝜇
𝑌 = 𝜃𝑇 + ℎ 𝑋 + 𝜀

= 𝜃𝑔 𝑋 + ℎ 𝑋 + 𝜃𝜇 + 𝜀

ො𝑔 𝑋 = 𝑎 × 𝑔(𝑋) መ𝑓 𝑋 = 𝑏 × 𝑓(𝑋)

෨𝑇 = 𝑇 − ො𝑔 𝑋 = 𝑔 𝑋 + 𝜇 − 𝑎 × 𝑔 𝑋
= 1 − 𝑎 𝑔 𝑋 + 𝜇

0 < 𝑎 , 𝑏 < 1 : Shrinkage coefficient

෨𝑌 = 𝑌 − መ𝑓 𝑋 = 𝑓(𝑋) + 𝜃𝜇 + 𝜀 − 𝑏 × 𝑓(𝑋)
= 1 − 𝑏 𝑓 𝑋 + 𝜃𝜇 + 𝜀

෨𝑌 = 𝜃𝜇 + 𝜀 if b = 0෨𝑇 = 𝜇 if a = 0



Caveat : Population-level biases in 𝜃

෨𝑇 = 𝑇 − ො𝑔 𝑋 = 𝑔 𝑋 + 𝜇 − 𝑎 × 𝑔 𝑋
= 1 − 𝑎 𝑔 𝑋 + 𝜇

0 < 𝑎 , 𝑏 < 1 : Shrinkage coefficient

෨𝑌 = 𝑌 − መ𝑓 𝑋 = 𝑓(𝑋) + 𝜃𝜇 + 𝜀 − 𝑏 × 𝑓(𝑋)
= 1 − 𝑏 𝑓 𝑋 + 𝜃𝜇 + 𝜀

Simulation (TNG) biased causal effect

Ghost Causality



Causal Inference in Social Science

1) Selection bias of science high school

2) Impossible  to implement counterfacts

3) Confounding variable (support of parents)

If I go to the science high 

school, I could go KAIST 

easily…!

Why is it dangerous?



Causal Inference in Social Science

What if, Human Population → Galaxy Population ?



Caveat : Population-level biases in 𝜃

1. Potential Unmeasured Confounders : hidden variables 

2. Limitation of Static DAG (Dynamic Feedback Loops)

3. Additivity Assumption in PLR Model (𝑌 = 𝜃𝑇 + 𝑔 𝑋 + 𝜀)

- a constant treatment effect 

4. Implicit priors in TNG
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