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Abstract— Machine learning is commonly used to predict and implement  pattern recognition and the relationship between variables. 

Causal machine learning combines approaches for analyzing the causal impact of intervention on the result, asumming a considerably 

ambigous variables. The combination technique of causality and machine learning is adequate for predicting and understanding the 

cause and effect of the results. The aim of this study is a systematic review to identify which causal machine learning approaches are 

generally used. This paper focuses on what data characteristics are applied to causal machine learning research and how to assess 

the output of algorithms used in the context of causal machine learning research. The review paper analyzes 20 papers with various 

approaches. This study categorizes data characteristics based on the type of data, attribute value, and the data dimension. The 

Bayesian Network (BN) commonly used in the context of causality. Meanwhile, the propensity score is the most extensively used in 

causality research. The variable value will affect algorithm performance. This review can be as a guide in the selection of a causal 

machine learning system. 
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1 INTRODUCTION 

The development of causal machine learning has grown 
significantly in recent years. Causal machine learning 
combines approaches for analyzing the causative effect of 
treatment on the outcome considering a feasibly ambiguous 
variables (average treatment effect estimation) as well as 
techniques for grouping a sample within a population based on 
the sufficient effect of applying intervention rather than not 
utilizing it with relation to the results [1]. Most of the machine 
learning algorithms concern with the accuracy of predictions, 
but interpretability is not considered. The development of 
causal machine learning continues to be researched because of 
the primary factor.  

A method is needed to extract the relationship between 
events based on the events' causal pattern [2]. Inference 
methods are applied to control the effect of a given treatment. 
Casual modeling can analyze and find a causal relationship 
between an event's treatment and outcome [3]. Interpretability 
is the understanding that humans can recognize the symptoms 
of strategic analysis, can persistently estimate the modeling 
approach, part of the rationalization, as the ability of human 
beings to realize in an understandable way [4]. Meanwhile, 
machine learning can solve two aspects of a problem with its 
algorithmic capabilities based on complex problems and 
adaptability [5].  

A causal interpretation model is indispensable because the 
objective functions of machine learning models capture only 
correlations and not real causes. This model also can cause 
considerable decision-making difficulties, such as strategy [4]. 
Pearl [6] introduced different levels of interpretability and 
acknowledged that creating counter-actual hypotheses is the 
method to accomplish the highest level of interpretability. 
These are the levels of interpretability described by Pearl [6] 
and their concepts. 

 Statistical (associational) interpretability: aims to discover 
statistical associations by providing feedback such as 
"How would x change my assumption in y? ” 

 Causal interventional interpretability: it is expected at 
"what if" questions. 

 Counterfactual interpretability: it is the correct quality of 
interpretability that try to examine "why" questions. 

Causal machine learning research has at least three 
procedures for implementing the experimental model. First, 
the relationships between variables are measured using an 
estimator variable by regression calculation. Furthermore, the 
relationships between the formed connection are evaluated 
using the machine learning model [1]. The combination 
technique of causality and machine learning is appropriate for 
predicting and understanding cause and effect from a result. 
The combination makes a causal machine learning model 
stronger, more precise, reduces bias, and reliable [7]. 

This paper leads to work that encourages machine learning 
researchers and practitioners to elaborate further study and 
development for causality. This paper's contributions focus on 
the causal machine learning model. The methodology includes 
the development algorithm, data characteristics, and 
performance measurement. 

In the next section, this paper is prepared using 
Kitchenham's systematic literature review guide. Section 2 
explains how systematic literature techniques are applied. 
Section 3 discusses the results and discussion. The last section, 
section 4, provides a conclusion. 

2 METHOD 

A systematic review of literature is a way to introduce and 
analyze the most relevant research required with a specific 
research question, a subject area, or a specific trend. The 
method used in this paper refers to Kitchenham's guide [8].  

This paper aims to identify and elaborate on the latest 
research on developing a causal machine learning model. This 
literature review will not discuss the complexities of the model 
for developing these causal machine learning algorithms. 

2.1 Identify The SLR Proces Flow 

 Based on Fig. 1, the review literature process flow is 
divided into three parts. The initial section is the planning 
section, where we identify the need for review article. We 
developed a research approach to constrain the context by 
identifying research questions, publication references, search 
techniques, evaluation process, techniques of retrieval of 
material, and analysis methods.  

Figure 1. SLR Process Flow 

2.2 Setting The Focus Of The Review 

The extremely important element in a systematic literature 
review is the research question. The research questions 
regulate the investigation scope and the limitation criteria for 
the study. This paper review was assigned to answer the 
research questions in table 1. 

TABLE 1: RESEARCH  QUESTION 

ID Research Question Objective 

RQ1 What are the causal 
machine learning 
methods used? 

Identify causal 
machine learning 
methods that are 
widely used or 
developed in causal 
research 

RQ2 What are the data 
characteristics used? 

Identify the 
characteristics of the 
data used in causal 
machine learning 
research, including 
the type of dataset, 
attribute value, and 
data dimension 

RQ3 How does to measure 
the performance of the 
causal machine 
learning model? 

Identify performance 
measures are applied 
in the causal machine 
learning algorithms 

2.3 Searching Literature Database 

 We conducted a database search for literature 
reviews using the keywords "causal" and "machine learning." 
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We use three large databases, namely, IEEE, Science Direct, 
and Google Scholar. The use of different databases is intended 
to enhance literature sources. A more extensive database can 
be implemented as a comprehensive analysis. The database 
search was carried out manually on papers published from 
2016 to 2020. We set the last five years as the paper's 
timeframe to be published, so the research trend for causal 
algorithms for machine learning is noticeable for further 
exploration.  

2.4 Selecting Primary Studies 

 The main articles were selected using inclusion and 
exclusion criteria. The article proposes models for causality 
and machine learning research. The exclusion criteria for this 
study were as follows: 

1. Paper with incomplete data information.  

The data information includes machine learning 
methods, data characteristics, measurement performance.  
Because of the focus of the researcher, papers with 
incomplete data information will not be used. 

2. Review or survey paper.  

Researchers need to analyze a causal machine learning 
method from the research question. However, a review 
paper is used as part of the introduction to causal machine 
learning and the fundamental for the development of this 
paper. 

3 RESULT AND DISCUSSION 

This study's searching process results were carried out in 
IEEE, Science Direct, and Google Scholar databases from 
2016 to 2020. The number of papers from the search results, 
screening results, and manual selection processes is selected 
20 papers. For the relevant technical paper of this research, 
70% of reference papers came from journal papers, and the 
rest came from proceeding papers. The conference paper used 
as a literature describes a feasibility that is commonly 
associated to causal machine learning. In addition, the type of 
data source used in the conference papers for causal search is 
an event log. 

 

Figure 2. Field of Causal Machine Learning Research 

Of the papers listed, causal machine learning applies in 
various fields. The health sector is generally involved in the 
development of this topic. Insignificant areas related to human 
life, such as the medical field, decision-making have been used 
as a reference. In decision making, humans have been making 

final decisions for the short term. In making decisions, it is 
essential to know why these decisions were made [9]. 

The aim of the causal machine learning algorithm is to 
recognize the linkage of the relation variables in the model. 
The variation between non-causal ML and causal ML is the 
integration of techniques and condition assessment for 
analysis of the effect among variable. The method commonly 
used in causal ml utilizes correlation to measure the 
importance of the relationship established and several metrics 
commonly being used causal inference work. 

3.1 RQ1: What are the causal machine learning 

methods used? 

Various models have been proposed in causal machine 

learning research to increase causality and make it more 

reliable. The reviewed papers' research results show that 

traditional machine learning methods were developed to 

understand the causal relationship between data, events, and 

time. Table 2 and Fig. 2 represent causal machine learning 

method based on how it works. 

Table 2.  The task of Causal Machine Learning 

The Task of Causal 

Machine Learning 

Model 

Paper Reference 

Classification Random Forest [3], [10], [11], 

XGBoost [9], Bayesian 

Network [12], [13], Support 

Vector Machine [2], [14]–

[16], Optimal Discriminant 

Analysis (ODA) [17]. 

Clustering K-Means clustering [18] 

Regression Logitic Regression [10], 

Linear Regression [9], [13], 

[19], Support Vector 

Regression [15], Ordinary 

Least Square [18], Lagrangian 

[3], Markov [1], [11], [12], 

[14], [17], [20]–[23],  

 

Machine learning techniques have been used in 

classification, clustering, and regression. The difference 

between classification and clustering relates to their classifier 

and type of data. The task of clustering is grouping objects 

into several groups based on the similarities between each 

object. On the other side, regression is similar to 

classification. It requires labeled training data.  

0 2 4 6 8

Education

Finance

Transportation

Society

Num of Paper

R
es

ea
cr

h
 F

ie
ld

Field of Causal Machine Learning 
Reseacrh

https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/


IJID (International Journal on Informatics for Development), e-ISSN :2549-7448 

Vol. 9, No. 2, 2020, Pp. 111-118  

 
This article is distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International 
License. See for details: https://creativecommons.org/licenses/by-nc-nd/4.0/ 

114 

 

 

Figure 3. Task Models in Machine Learning 

 
In the classification algorithm, the data used are in the type 

of data with a group or class label. So the final model 
was built begins from the previous data training model. 
Whereas with clustering techniques, data is grouped based on 
the similarity distance between an object and another object. 
There are 18 papers using the classification technique. The 
classification method most commonly used is based on a tree. 
The classification method most commonly used is based on a 
tree. This process utilizes a tree-structured framework in 
which each internal node evaluates whether an attribute 
requirement is met or not, while the final prediction is shown 
by leaf node (class label). A decision concludes an instance's 
label by initiating at the root and navigating the path until a 
leaf node is reached, which can be interpreted as if then 
rule[4]. 

The classification algorithms used in the literature read are 
Random Forest [3], [10], [11], XGBoost [9], Bayesian 
Network [12], [13], Support Vector Machine [2], [14]–[16], 
and Optimal Discriminant Analysis (ODA) [17]. Bayesian 
network and its development is the most frequently used 
model. One of the reasons is adopting the inference algorithm 
and the probability distribution value of the Bayesian 
Network conditions from the data collected. Bayesian 
Network finds the causal orientation related to the 
differentiated target variables' direct causes and effects [13], 
[20]. 

Apart from Bayesian networks, the random forest is also 
widely used in some causal machine learning research. The 
development of random forest (causal forest) when applied to 
the problem of prediction, the performance is generally 
impressive [24]. The causal forest takes a modified approach 
and focuses on the difference in mean yield between treated 
observations in each tree leaf. The causal forest is a non-
parametric predictor in achieving consistency and 
probabilistic integration, a required distribution [10]. 

Meanwhile, Jansen et al. performed clustering using the 
development of the k-means clustering model. Clustering is 
applied to capture the movement of the data in a complex 
output model. Therefore, it is valuable to exchange 
information in groups of more linear actions and viable. The 
results of this cluster are influential on the implementation of 
the development executed by researchers using the AbACaD 
methodology [18]. 

Mostly classification or clustering technique is associated 
also with regression method in the causal machine learning 
model. This is designed to examine how far causal 
relationship between variables. Regression model design the 
linear relationship between dependent variable and the set of 
independent variable (features). The intensity of each feature 
represents the average adjustment in the estimate by 
measurements from one variable element. The features with 
more value would have more impact on the final effect [4]. 

3.2 RQ2: What is the data characteristic used? 

This paper's data characteristics were analyzed based on 
three criteria, namely the type of data, the type of attribute 
value, and the number of datasets used. Fig. 3 shows a 
comparison of the use of datasets in the development of causal 
machine learning. Fifteen papers are using public datasets. 
The result indicates that causal machine learning development 
is fully open with prominent datasets.  Data is the primary raw 
material for research to apply and develop algorithms. The 
better and easier data can be obtained, the smooth running of 
the algorithm development. 

 

 

Figure 4. Dataset Category in Literature Reference 

Data types are divided into static and dynamic data. Static 
data does not modify when processing, e.g., variable values in 
terms of identities. Furthermore, dynamic data refers to data 
changes during processing; the data changes based on the 
actual operation. Fig. 4, out of eleven articles using a dynamic 
dataset. An example of a dynamic set is a log activity. The 
event log will provide a record of the events that affect the 
process. The event log currently contains the event name, 
activity name, timestamp, and resources associated with the 
related activity. 

 

Figure 5. Type of Dataset in Literature Reference 

18

1 1

18

0
5

10
15
20

N
u

m
 o

f 
P

ap
er

Proposed Model Casual Machine Learning

Task of Proposed Model

15
5

0

10

20

Public Dataset Private Dataset

N
u

m
 o

f 
P

ap
er

Dataset Type

Dataset

11

9

0

2

4

6

8

10

12

Dynamic Static

N
u

m
 o

f 
P

ap
er

Type of Data

Type of Dataset

https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/


IJID (International Journal on Informatics for Development), e-ISSN :2549-7448 

Vol. 9, No. 2, 2020, Pp. 111-118  

 
This article is distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International 
License. See for details: https://creativecommons.org/licenses/by-nc-nd/4.0/ 

115 

 

Measurement can assume effect at varying levels, and the 
relationship among the assigned values represents the value of 
calculation. Four hierarchical levels of measurement identified 
are nominal, ordinal, interval, and the ratio [25]. Nominal - 
attribute whose value is in the form of a symbol, the value 
itself only functions as a label. Ordinal - variables whose 
values are symbols but can be sorted, cannot be measured by 
distances. Interval - a variable whose values can be ordered 
and measured in the same constant. Ratio – a variable with 
zero value and is treated as a real number with all of the 
mathematical operations. 

Data dimensions in the dataset affect the performance of the 
causal machine learning model, both in terms of processing 
speed and accuracy of the method used. In Fig. 5, 16 papers 
are using one dataset. The rest used two or more datasets. Most 
researchers who use n-tiple datasets try to implement causal 
machine learning in various fields. 

 

Figure 6. Dataset Dimension 

Analysis of data characteristics is vital before developing 
causal relationships between variables in machine learning 
algorithms. Unfortunately, not all papers provide an in-depth 
analysis of the characteristics of the data. 

3.3 RQ3: How does to measure the performance of a 

causal machine learning model? 

The challenge in causal inference research is challenging to 
validate because possible results from counterfactual 
predictions will never be known. The causal model evaluation 
depends on what machine learning is being used. A causality 
prediction model must be able to efficiently and effectively to 
screen for potential independent variables. Moreover, the 
model must identify the most reliable and informative 
relationships and interactions. 

 The first point in the causal machine learning process is to 
define an estimator variable when capable of measuring the 
event relationships.  There are not many articles detailing the 
explanations for taking a specific measure of 
performance. Causal machine learning research that applies 
intervention events to certain variables uses the Average 
Treatment Effect (ATE) and Conditional Average Treatment 
(CATE). The most broadly used estimator measure in the 
causal area is the propensity score. 

A propensity score is almost used in this literature papers. 
A propensity score is a probability based on the relationship 
that occurs if it is formed. The propensity score method 
balances the covariates between the evaluated group and the 
control group using weighting. Then the trend fit estimator 
predicts the missing counterfactual for each actual observation 
[24]. Machine learning methods automatically estimate the 
results of the propensity score model [10]. 

Another performance measurement can be categorized into 
separate, either in terms of efficiency and effectiveness. 
Defining the efficiency of the model used is seen in how fast 
technology has completed mapping. We usually call as 
running time. Running time is used in papers [14], [15], [20]. 
The evaluation method referred to in this paper, is categorized 
in the context of the algorithm used. 

Performance measurement uses accuracy in classification 
methods that are confusion matrix [2], [13], accuracy [15], 
[20], recall, precision and F1-measure [2], [14], ROC/AUC 
[9], [21], standard deviation [10], [11], [16], [19], [26]. 
Standard deviation is the narrowest measure of variability and 
is determined in cases involving outliers. Standard deviation 
can be interpreted as the typical distance between value 
and mean of a field, and the most current value would be 
within two means [27]. Several studies measure algorithm 
performance using error rate measurement [10], [17], [23], 
threshold [15], [18] and cross-validation [9], [12]. The k-fold 
cross-validation process determines a hyperparameter 
optimum solution and parameters for the machine learning 
algorithm [12]. Hyperparameter and parameter set to 
minimize errors in cross-validation [24]. 
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TABLE 3: DESCRIPTION OF SELECTED STUDIES 

 Title Year Ref. 
Characteristic 

Dataset 
Machine Learning 

Method 
Performance 
Measurement 

1 
Random Forests Approach for 
Causal Inference with Clustered 
Observational 

2020 [10] Public Dataset Causal Forest 

Propensity Score, 
Standard 
Deviation, Mean 
Squared Error 

2 
Using Feature Selection for Local 
Causal Structure Learning 

2020 [20] Public Dataset Markov Based Precision, Recall 

3 

Markov Boundary Learning With 
Streaming Data for Supervised 
Classification Markov Boundary 
Learning With Streaming Data for 
Supervised Classification 

2020 [14] Public Dataset 

SDMB and the 

combination method 

using KNN, NB, 

SVM 

Precision, Recall, 
F1 

4 

Process Mining Meets Causal 
Machine Learning: Discovering 
Causal Rules from event logs 

2020 [1] Public Dataset Uplift Modelling 
Not Provide  
Validation 

5 
Modeling and learning cause-effect 
application in frost forecast  

2020 [15] Public Dataset 
Support Vector 

Machine 
Recall, Precision 

6 

Haze Pollution causality mining 

and prediction based on multi-

dimensional time series with PS-

FCM 

2020 [21] Public Dataset Fuzzy Cognitive 

Maps 
RMSE 

7 
Learning Causal Effect Using 
Machine Learning with 
Application to China's Typhoon 

2020 [19] Public Dataset 

Logistic Regression, 

CART Tree, Random 

Forests, Support 

Vector Machine, 

Generalized Boosted 

Model 

Propensity Score 

8 
Using causal discovery to analyze 
emergence in agent-based model 

2019 [18] Private Dataset  KNN 
Spearman 
Correlation 

9 
Improve user retention with causal 
learning 

2019 [3] Private Dataset  Causal Forest, Lasso 

Regression 
AAUC Using 
A/B Testing 

10 

Direct Causal Structure Extraction 
From Pairwise interaction patterns 
in NAT modeling Bayesian 
Networks 

2019 [26] Public Dataset Bayesian Network 
Propensity Score 
and Running 
Time 

11 Causality measures and analysis: A 
rough set framework 

2019 [28] Public Dataset Rough Set Propensity Score 

12 Causal Inference in Time Series via 
Supervised Learning 

2018 [11] Public Dataset Granger Based RCC 

13 

Interpretable Machine Learning 
Techniques for Causal Inference 
Using Balancing Scores As Meta-
features 

2018 [9] Public Dataset XGBoost 
Cross-Validation 
10 Fold, AUC 

14 
Challenges of Automated Machine 
Learning on Causal Impact 
Analytics for Policy Evaluation 

2017 [12] Public Dataset 
Bayesian Network-

Based 

Hyperparameter 
Tuning  

15 
Causal data science for financial 
stress testing 

2017 [13] Public Dataset Bayesian Network-

Based 

False Positive, 
False Negative 

https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/


IJID (International Journal on Informatics for Development), e-ISSN :2549-7448 

Vol. 9, No. 2, 2020, Pp. 111-118  

 
This article is distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International 
License. See for details: https://creativecommons.org/licenses/by-nc-nd/4.0/ 

117 

 

16 

Dynamic causal modeling and 
machine learning for effective 
connectivity in auditory 
hallucination 

2017 [16] Public Dataset 
Support Vector 

Machine 

Standard 
Deviation 

17 

The causal effects of survivors' 
benefits on health status and 
poverty of widows in Turkey: 
evidence from Bayesian networks 

2017 [22] Public Dataset Bayesian Network Propensity Score 

18 
Capturing cognitive causal paths in 
human reliability analysis with 
Bayesian Network Models 

2017 [23] Private Dataset Bayesian Network Propensity Score 

19 

Causality patterns and machine 
learning for the extraction of 
problem action relations in 
discharge summaries 

2016 [2] Private Dataset  Support Vector 

Machine 

Recall, Precision, 
F1 

20 

Combining machine learning and 
matching techniques to improve 
causal inference in program 
evaluation 

2016 [17] Private Dataset  Optimal Discriminant 

Analysis 
Propensity Score 

 

4 CONCLUSION 

Currently, causal machine learning research is growing. 
Casual modeling can analyze and find a causal relationship 
between treatment and outcome in an event. In this review paper, 
20 papers with various methods, fields of application, and types 
of data are studied. Bayesian Network (BN) are machine 
learning methods. BN is widely applied in the causality scope 
because this algorithm can adopt an inference and a network 
condition probability table from the data. BN also find the causal 
orientation related to the significant cause and effect of the 
specified control variables. 

Meanwhile, the propensity score is the most frequently used 
in causality research. The probability value is formed based on 
the relationship that occurs in events. The machine learning 
method can automatically estimate the results of the propensity 
score model in the proposed model. For datasets, many causal 
machine learning studies use public datasets. A public dataset 
can be an opportunity for other researches in researching the 
field of causality using machine learning 
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