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Many learning systems rely on the following assumption:

The training data (source) and the data the system is applied 
to (target) are generated by the same (unknown) process.
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The performance of ML-models depends on the structural 
similarities between training and target environments.
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Example (Markets in different countries)
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Example (Markets in different countries)

≈

Is it worth placing 
brand !𝑏 in country C*?

We have:
• |Data C| > |Data C*| 

Can we use models 
trained with data from 
C to predict something 
in C* using data C*?
In general:

𝑃 𝑆 𝐵 ≠ 𝑃∗(𝑆|𝐵)
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Example (Markets in different countries)
• Business question: Is it worth placing a brand !𝑏 in country C* 

that is not yet there?

• But how can we know how !𝑏 will perform in C*? 

• Do we need to run questionnaires, experiments in C* to find that 
out?

Not necessarily!



Example (Markets in different countries)
• When we understand the relevant differences between C and C*, 

we can answer that question with observed data from C and C*.

• Transportability helps to transfer common knowledge from C to 
C*.

• It helps to find the variables for which we need data in C*.

àAvoid expensive, time-consuming actions in C* to get an answer.

àWe can predict sales for !𝑏 in C* although we have no data about it 
in C*.



Statistical Transportability (Pearl, Bareinboim 2011 [3])

Given two populations 𝛱 and 𝛱∗ characterized by prob. distr. 𝑃, 𝑃∗ , 
and causal graphs 𝒢, 𝒢 ∗ , respectively. A statistical relation 𝑅(𝑃) is 
statistical transportable from 𝛱 to 𝛱∗ over 𝑊 ⊆ 𝑉 (𝑉 is the set of 
all variables in 𝒢) if 𝑅(𝑃∗) is identified from 𝑃(𝑉), 𝑃∗ 𝑊 , 𝒢 , and 𝒢 ∗ .

We will focus on the case 𝑅 𝑃∗ = 𝑃∗ 𝑦 𝑥 .

Is there a function 𝑓 such that 𝑃∗ 𝑦 𝑥 = 𝑓(𝑃 𝑣 , 𝑃∗ 𝑤 )?

To answer that question, we need to model the differences and 
commonalities of the populations 𝛱 and 𝛱∗ .



Deciding Transportability 
1. Encode assumptions about differences and commonalities 

across environments1
èselection diagrams (DAG2 with T-nodes3)

2. Identify stable mechanisms across environments

3. Determine variables that need to be re-measured

4. Construct an estimand from the available data

1 we use environment synonym for population
2 directed acyclic graph
3 T-nodes are transfer nodes that indicate differences in distributions or mechanisms



1. Encode assumptions
• Encode (known and/or assumed) relations between variables 

with a causal graph (DAG).
• Encode the transfer assumption (link between source and 

target environment) via T-nodes in the graph.
• T-nodes indicate for example different variable distributions or 

mechanisms in the target environment.
• We also allow latent variables1 (if they are not relevant for the 

transport problem).
• We assume unconfoundedness (known as ignorability, causal 

sufficiency, conditional exchangeability): the difference between 
C and C* is ignorable2 conditioned on the observed data.

è every difference is encoded in the DAGs.

1 latent variables are unobserved variables that can influence multiple observed variables
2 ignorable means here the difference is not relevant for the problem



1. Encode assumptions

𝑝! 𝑠!

𝐵!

𝐴!

𝑊

𝐶!

𝐶𝑊

𝑝! 𝑠!
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𝑊

𝐶!

𝐶𝑊

Country C 
(source)

Country C*
(target)

(𝑏 is present (𝑏 is not present

T-nodes:
differences in 
mechanism or 
distribution

𝐵!: brand of item 𝑖
𝑝!: price of item 𝑖
𝑠!: sales of item 𝑖
𝐶𝑊: calendar week
𝐴!: age of item 𝑖
𝐶!: #competitors of item 𝑖
𝑊: weather condition

test & validate assumptions with (cond.) independence tests, causal discovery 
methods.

𝔼∗ 𝑆𝑎𝑙𝑒𝑠 B = !𝑏 =?



2. Identify stable mechanisms

𝑝! 𝑠!

𝐵!

𝐴!

𝑊

𝐶!

𝐶𝑊

𝑝! 𝑠!

𝐵!

𝐴!

𝑊

𝐶!

𝐶𝑊

In both countries the following distributions are invariant:
𝑃 𝐶𝑊 , 𝑃 𝑃 𝐵, 𝐶, 𝐴, 𝐶𝑊 , 𝑃(𝑆|𝐵, 𝐶, 𝐴, 𝐶𝑊, 𝑃, 𝑊)

Country C 
(source)

Country C*
(target)



3. Determine variables to be re-measured
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𝑝! 𝑠!

𝐵!

𝐴!

𝑊

𝐶!

𝐶𝑊

In country C* we need to re-measure:
𝑃∗ 𝐵 , 𝑃∗ 𝐶 , 𝑃∗(𝑊|𝐶𝑊), 𝑃∗(𝐴)

Country C 
(source)

Country C*
(target)



4. Construct final estimand
We combine all pieces and obtain an estimand for 𝑃∗ 𝑆 !𝑏 :

𝑃∗ 𝑆| +𝑏 =
∑",$ ,%,&,$% 𝑃∗ 𝑐 𝑃∗ 𝑤 𝑐𝑤 𝑃∗(𝑎)𝑃 𝑆 𝑝, 𝑎, 𝑐 , 𝑤, 𝑐𝑤, +𝑏 𝑃 𝑝 𝑎, 𝑐, 𝑐𝑤, +𝑏 𝑃(𝑐𝑤)
∑',",$ ,%,&,$% 𝑃∗ 𝑐 𝑃∗ 𝑤 𝑐𝑤 𝑃∗(𝑎)𝑃 𝑠 𝑝, 𝑎, 𝑐 , 𝑤, 𝑐𝑤, +𝑏 𝑃 𝑝 𝑎, 𝑐, 𝑐𝑤, +𝑏 𝑃(𝑐𝑤)

𝑝! 𝑠!

𝐵!

𝐴!

𝑊

𝐶!

𝐶𝑊

• Correa and Bareinboim [1] derived a complete 
and sound algorithm transport* for determining 
𝑃∗ 𝑦 𝑥 , if possible, from 𝑃 𝑉 , 𝑃∗ 𝑊 ,𝑊 ⊆ 𝑉, 𝒢, 𝒢 ∗ .
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• Correa and Bareinboim [1] derived a complete 
and sound algorithm transport* for determining 
𝑃∗ 𝑦 𝑥 , if possible, from 𝑃 𝑉 , 𝑃∗ 𝑊 ,𝑊 ⊆ 𝑉, 𝒢, 𝒢 ∗ .

• We can estimate 𝑃∗(𝑆|,𝑏) even when we do not 
have data for 𝑆 and 𝑃 for brand ,𝑏.



Experimental results
Model for country C

Just i f icat ions (also checked in the data with causal discovery methods):
• 𝐵! → 𝑝! :  there are high/ low-pr iced brands
• 𝐵! → 𝑠! :  some people feel connected to some brands
• 𝑝! → 𝑠! :  for some items pr ice has a direct effect on i ts sales
• 𝐶! → 𝑝! :  high/ low #competitors can lead to low/high pr ices
• 𝐶! → 𝑠! :  higher/ lower diversity can affect sales
• 𝐴 ! → 𝑝! :  older i tems can suffer f rom pr ice erosion
• 𝐴 ! → 𝑠! :  new items are often promoted and affect sales
• 𝐶𝑊 → 𝑝! ; 𝐶𝑊 → 𝑠! ; 𝐶𝑊 → 𝐴 ! :  pr ice, sales, and age are t ime dependent

𝑝! 𝑠!

𝐵!

𝐴!

𝐶!

𝐶𝑊

𝐵!: brand of item 𝑖
𝑝!: price of item 𝑖
𝑠!: sales of item 𝑖
𝐶𝑊: calendar week
𝐴!: age of item 𝑖
𝐶!: #competitors of item 𝑖

Model for country C*

ℬ ≔ ℬ"\ℬ" ∗ set of  brands in C but
not in C*.
For 4𝑏 ∈ ℬ we want to know:

𝔼∗ 𝑆 B = ;𝑏 =?
To just i fy differences we check
• 𝑃 𝐵 ≠ 𝑃 ∗ 𝐵
• 𝑃(𝐶) ≠ 𝑃 ∗ 𝐶
• 𝑃(𝐴) ≠ 𝑃 ∗ 𝐴
• 𝑃(𝑝) ≈ 𝑃 ∗ 𝑝
• 𝑃 𝑠 ≈ 𝑃 ∗ 𝑠
• 𝑃 𝐶𝑊 = 𝑃 ∗ 𝐶𝑊

𝑝! 𝑠!

𝐵!

𝐴!

𝐶!

𝐶𝑊

We assume 
unconfoundedness !



Experimental results
To estimate 𝔼∗ 𝑆 B = 0𝑏 we use the formula obtained from transport*

𝑃∗ 𝑆| "𝑏 =
∑#,%,&,%' 𝑃∗ 𝑐 𝑃∗(𝑎|𝑐𝑤)𝑃 𝑆 𝑝, 𝑎, 𝑐 , 𝑐𝑤, "𝑏 𝑃 𝑝 𝑎, 𝑐, 𝑐𝑤, "𝑏 𝑃(𝑐𝑤)
∑(,#,%,&,%' 𝑃∗ 𝑐 𝑃∗ 𝑎 𝑐𝑤 𝑃 𝑠 𝑝, 𝑎, 𝑐 , 𝑐𝑤, "𝑏 𝑃 𝑝 𝑎, 𝑐, 𝑐𝑤, "𝑏 𝑃(𝑐𝑤)

We estimate the conditional probabilities by using Random-Forest classifier.

Market: Mobile Computing (data from Oct. 2019 – Oct. 2020)
Country C (#data) Country C* (#data) !𝒃 𝔼 𝑺 𝑩 = 0𝒃 𝔼∗ 𝑺 𝑩 = 0𝒃

Germany (19081) Austria (7651)

CAPTIVA 1.6 1.8

CHUWI 1.0 4.6

TERRA 14.0 11.8

France (8672) Denmark (2732)
PACKARD BELL 135.3 111.5

DYNABOOK 3.1 5.1

Sweden (3180) Norway (2808) DENVER 2.6 3.1

Poland (10216) Spain (8845)
ALIENWARE 1.5 1.6

DREAM MACHINES 1.3 3.2



Conclusions
• Understanding of data generation processes and their differences 

help to use data sources from different environments to
• estimate expectations in environments with missing and few data
• find relevant needed factors to compute a query systematically

• Encoding of assumptions make them visible and allow discussions
• Transportability can help to avoid costly, time-consuming actions

Limitations
• We need to understand the differences between environments and 

check them in the data
• We need to have arguments for the encoded assumptions

Perspectives
• Transportability across multiple environments to use as much 

information as possible
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